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Abstract 
 
 

Across the globe, organizations and institutions have publicly committed to 

reducing the environmental impacts associated with their operations. Despite these 

commitments, progress in integrating sustainability measurement information into core 

business processes and decision criteria has been limited. To avoid many of the 

ecological tipping points that society currently faces, it is essential that sustainability 

measurement systems and decision support tools are improved to be more practically 

incorporated into business operations and decisions. This dissertation explores the 

specific sustainability challenges and information gaps that are faced by core business 

operations in three separate case studies, thereby expanding the sustainability operations 

management literature in the areas of environmentally preferable procurement, 

sustainable manufacturing, and green supply chain management. Modified life cycle 

assessment (LCA) methods are demonstrated in the methodological designs of the 

respective case studies, which help reduce the complexity of environmental information 

and the costs of assessment, and increase the specificity to organizations by considering 

spatial and temporal aspects of operations. Altogether, methods enable optimal 

management options and trade-offs to be identified, priorities to be set, and increases 

overall understanding of and ability to manage risks. These elements greatly enhance the 

actionability of sustainability information to organizational decision makers, helping to 

lower the barriers for integrating into core organizational processes for reducing the 

environmental burden of production and consumption systems.  

The first essay demonstrates methods in the context of a breakfast cereal 

manufacturer’s purchasing portfolio. Budgets are optimized towards environmental 

product options that maximize reductions in environmental impacts, staying within 

specified budgets. The study highlights the additional performance benefits of internal 

cap and trade approaches, allowing greater flexibility for big impact reduction/high cost 

product opportunities to be seized. The second essay presents a modified LCA of a 

cellulosic biorefinery’s dynamic co-product portfolio, revealing significant variation in 

the environmental and economic performance across market scenarios, production 
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constraints and policy assumptions. Results provide guidance to production managers on 

optimal production pathways that can meet both economic and environmental objectives 

across scenarios. The third essay presents modified spatial LCA methods applied to 

company-specific supply chains in the U.S. pork industry. Results show significant 

variation across supply networks, providing strong support for such spatial assessments in 

prioritizing resources for supply chain improvement. 
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Chapter 1 

Introduction 
More than ever before, organizations and institutions have taken up the challenge 

to reduce the environmental and social burdens associated with their operations (Wenzel, 

2015; Compact of Mayors, 2016; Smith, 2013). These organizations are motivated to 

increase the sustainability of operations to reduce operational risks to supply chains, 

reduce the costs of inefficient resource utilization, increase competitive advantages from 

new product markets, and assuage stakeholder interests to maintain reputational 

performance (Smith, 2013; Lamming, et al., 2001; O'Rourke, 2014). To achieve the 

sustainability goals set by these organizations, there is a critical need to improve 

sustainability measurement systems and decision support tools to increase the saliency of 

environmental information to business management decisions, because much of the 

existing information and tools remain both too complicated and not specific enough 

(O'Rourke, 2014). Consequently, to date, progress in integrating sustainability analyses 

into core business processes and decisions is limited (O'Rourke, 2014). To more 

practically integrate environmental considerations into business decisions, industrial 

ecology practitioners should consider three methodological elements to increase the 

actionability of environmental information. First, because resources are limited, 

practitioners should consider the materiality of the information. Focusing on areas of high 

leverage, such as the products, life cycle stages, production processes, and material or 

energy inputs that significantly contribute to organizational environmental impacts, can 

better prioritize business decisions and resources to concentrate efforts on areas of 

greatest concern. Further, it’s more likely that the greatest return on investments (i.e. 

reductions in organizational environmental burden achieved with limited resources) can 

be gained by focusing on the major contributors to organizational impacts.  

Second, practitioners should consider the comparability of information. Due to 

variation in system boundaries, methods of allocation, yield assumptions, data robustness, 
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and other assumptions made in environmental assessments, comparing impacts across 

studies is a challenge (McKone, et al., 2011; Turconi, et al., 2013). This variation 

between studies clouds decision maker’s ability to identify best management practices 

and decision criteria to implement in organizational operations to reduce environmental 

burdens. Scenario analysis through parameterization can improve the comparability of 

environmental information by increasing the consistency in system boundaries and 

assumptions used across all analyzed scenarios. Scenario analysis can examine multiple 

alternative management practices, production processes, alternative products and inputs, 

etc. and compare to conventional baseline practices, thereby providing valuable 

information on the relative environmental performance of alternative options. Increasing 

the comparability of environmental assessments enable organizations to more confidently 

pursue management practices that help meet organizational sustainability targets. 

Third, practitioners should consider whether the information is characterized 

along multiple metrics that are meaningful for organizational decision making. Metrics 

may be categorized along several categories of environmental impacts that are relevant 

and important for organizations to manage, they may reflect total impacts and impact 

intensities, or they may consider non-environmental metrics such as economic or social 

impacts. In any case, this multi-metric dimensionality allows decision makers to consider 

potential trade-offs and can help identify where best to prioritize resources when several 

decision metrics are considered together. 

This dissertation demonstrates, in three separate case studies, how environmental 

life cycle assessment methods may be modified through the incorporation of these three 

elements to better address and inform organizational sustainability decisions. Specific 

modifications are made to solve the individual decision challenges and context faced by 

three key business functions, including procurement, manufacturing and supply chain 

management, which are important levers affecting organizational sustainability 

(Schneider & Wallenburg, 2012; Berry, et al., 2012; Preuss, 2001; Seuring, 2011; Deif, 

2011; Yang, et al., 2011). These functions have substantial influence over upstream 

impacts and impacts associated with direct business operations. Both procurement and 

supply chain management operations can address the sizable impacts associated with the 
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upstream activities of suppliers, but they are distinguished here by the different ways in 

which each can exert influence over upstream supplier impacts. Namely, the procurement 

function uses purchasing criteria to influence upstream supplier impacts, whereas the 

supply chain management function may more deeply interact with suppliers to 

communicate sustainability values, improvement strategies and expectations, although it 

is recognized that these roles are indeed complementary. Decision makers related to the 

manufacturing function can address the impacts associated with the direct operations, 

either by changing manufacturing processes, inputs, product outputs and/or 

logistical/process operating efficiencies. Addressing the sustainability challenges 

encountered in each of these respective areas is necessary to unlocking the latent 

sustainability potential present in these respective business functions. By incorporating 

considerations of materiality, comparability and multi-metric dimensionality into the 

methodological design aimed at addressing the sustainability information challenges that 

each function faces, the resulting outputs can more practically be integrated into the 

decision-making criteria of these respective business functions to effectively guide 

practices towards greater sustainability performance. The research presented in this 

dissertation contributes to the industrial ecology and operations management literature 

through the advancement of mixed methods specifically designed for business 

applications to inform organizational sustainability decisions, and expands the current 

knowledge on environmental impacts related to conventional and alternative products and 

production processes in agricultural and bio-based product supply chains. The 

dissertation is organized into three separate essays related to one of the three business 

functions, each addressing the challenges faced by a specific industry producing food or 

bio-based products.  

Chapter 2 demonstrates modified LCA methods applied to the procurement 

function of a breakfast cereal company, although the methods are general and may be 

applied to any organization’s purchasing portfolio. The results of the assessment provide 

guidance to purchasing managers regarding the product categories and alternative product 

environmental options that are most effective at reducing environmental impacts across 

procurement portfolios. Several metrics are considered in the assessment, including 
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global warming potential and water consumption impacts, as well as the economic costs 

of alternative options. These metrics allow for trade-offs to be identified and optimized 

by prioritizing product categories and product options that minimize environmental 

impacts within specified procurement budgets. In general, the research suggests that 

better coordination and allocation of procurement budgets across purchased product 

categories, as determined through the results of such analyses, can provide substantial 

reductions in upstream impacts associated with procured inputs at minimal to no extra 

cost to the purchasing organization.  

Chapter 3 explores issues related to production management decisions through the 

application of modified LCA methods in the context of a biorefinery manufacturing 

biofuels and bioproducts. The assessment investigates the implications of dynamic 

product output portfolios, which change in flexible manufacturing systems as production 

managers respond to changing economic market conditions to continually maximize 

profits. The results of the assessment demonstrate how the dynamics in co-product 

outputs may significantly affect the environmental and economic performance of the 

organization, indicating the need for such assessments to reveal these dynamics. The 

illustrated methods allow production managers to consider both environmental and 

economic metrics to determine the optimal production configurations under varying 

market conditions, considering all the possible product outputs and variable inputs 

available. This information allows managers to identify constraints on production to 

incorporate into best management practices to avoid production pathways that do not 

meet environmental and economic expectations. Further, guidance is provided to LCA 

practitioners regarding the effects of various allocation assumptions and the implications 

on policy design. 

Chapter 4 explores challenges faced in supply chain management. The case study 

demonstrates modified LCA methods applied to the U.S. pork industry, providing 

managers with information on the spatial distribution of environmental impacts across 

company-specific supply chains. This information can be used to effectively prioritize 

business resources to improve supply locations that contribute significantly to supply 

chain impacts. Priority supply areas are identified through consideration of each 
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supplier’s contribution to total company impacts and the level of impact generated per 

unit of supply (i.e. impact intensity). The identified areas should serve as the primary 

locations to assess and implement alternative production practices, where the results of 

the assessment provide a baseline to compare alternative production options. Pairing this 

environmental information with economic cost information would allow an additional 

assessment that can provide supply chain managers with information on the optimal, 

most cost-effective strategies for improvement and locations for implementation, which 

can be the focus of future work. In addition to the value such information may generate 

for individual companies, this company-specific information can also be combined to 

provide a bottom-up estimation of total industry impacts, which may be useful for 

informing governmental and non-governmental policies and directives. Chapter 5 offers a 

final discussion of the analyses presented in the dissertation. 
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Chapter 2 

Optimizing Eco-Efficiency Across the 
Procurement Portfolio 
 
With permission by my co-authors, this chapter is adapted from: Pelton, R.E.O., M. Li, 
T.M. Smith and T.P. Lyon (2015). Optimizing Eco-Efficiency Across the Procurement 
Portfolio, Environmental Science and Technology, 50(11): 5908-5918. 
DOI: 10.1021/acs.est.5b06289 
 
 
Manufacturing organizations’ environmental impacts are often attributable to processes 

in the firm’s upstream supply chain. Environmentally preferable procurement (EPP) and 

the establishment of environmental purchasing criteria can potentially reduce these 

indirect impacts.  Life cycle assessment (LCA) can help identify purchasing criteria most 

effective in reducing environmental impacts. However, the high costs of LCA and 

problems associated with the comparability of results have limited efforts to integrate 

procurement performance with quantitative organizational environmental performance 

targets. Moreover, environmental purchasing criteria, when implemented, are often 

established on a product-by-product basis, without consideration of other products in the 

procurement portfolio. We develop an approach that utilizes streamlined LCA methods, 

together with linear programming, to determine optimal portfolios of product impact 

reduction opportunities under budget constraints. The approach is illustrated through a 

simulated breakfast cereal manufacturing firm procuring grain, containerboard boxes, 

plastic packaging, electricity, and industrial cleaning solutions. Results suggest that 

extending EPP decisions and resources to the portfolio level, recently made feasible 

through the methods illustrated herein, can provide substantially greater CO2e and water 

depletion reductions per dollar spend than a product-by-product approach, creating 

opportunities for procurement organizations to participate in firm-wide environmental 

impact reduction targets.  
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2.1 Introduction 
 

Motivated largely by cost minimization and access to new markets (Bhatnagar & 

Viswanathan, 2000), organizations increasingly assemble complex and fluid supply 

networks, connecting global market, logistics, and financing systems to local raw 

materials, labor and distribution resources (Choi, et al., 2001; Christopher, 2000; Cooper, 

et al., 1997).  As a result, supply chain management has become increasingly important to 

the success and long-term viability of global firms (Kotabe & Mudambi, 2009; Yeniyurt, 

et al., 2013).  Recent advances in global supply chain management offer rapid response 

systems for supply chain managers to quickly reconfigure supply and production 

networks to meet changing consumer demands, commodity prices, and currency 

fluctuations (O'Rourke, 2014; Gunasekaran, et al., 2008).  However, as firms have sought 

competitive advantage through these strategies, they have also found significant risk and 

complexity associated with reputational and operational performance in the supply chain 

function (Wisner, et al., 2012; Craighead, et al., 2007; Halldorsson & Kovacs, 2010; 

Waters & Risnsler, 2014). 

In response, many firms are turning to sustainable supply chain management 

(SSCM) and environmentally preferred procurement (EPP) in an attempt to reduce these 

risks, recognizing the need to influence operations that fall outside of their direct control.  

Highly publicized efforts from across the value chain, from retail to raw material 

production, exemplify this trend: Walmart’s Sustainability Scorecard, Tesco’s sustainable 

supply chain Knowledge Hub, the Sustainable Apparel Coalition, the Electronic Product 

Environmental Assessment Tool, the Green Suppliers Network, and the Forest 

Stewardship Council, to name only a few (Wal-Mart Inc., 2015; Tesco Knowledge Hub, 

2014; Global Commerce Initiative and Capgemini, 2016; Binkley, 2012; EPA, 2010; 

EPA, 2015; Forestry Stewardship Council, 2013; Bonsucro, 2013; ZSL, 2015).  While 

sustainable supply chain integration can help align values and norms of suppliers with the 

strategic goals of downstream firms (Paulraj, et al., 2008; Ireland & Webb, 2007), 

implementing and assessing environmental procurement criteria is not straightforward 

(Abbasi & Nilsson, 2012; Borjeson, et al., 2015; Varnas, et al., 2009; Lee & Klassen, 

2008; Walker, et al., 2008). 
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Two primary gaps persist between intention and implementation of high-

performing sustainable supply chains: 1) the relatively high transaction costs associated 

with identifying and procuring greener products; and 2) a lack of comparative 

information available to guide decision-makers confidently toward more cost-effective 

environmental benefits ( (Schneider & Wallenburg, 2012; Soler, et al., 2009; Fischer & 

Lyon, 2014).  Increased pressures on supply chain managers to incorporate sustainability 

metrics into operational decision-making have created increased demand for 

environmental and social information about suppliers’ goods and services (Seuring, et al., 

2008), resulting in a growing number of standards and certifications that designate 

“environmentally preferable” purchasing options.  These tools are an accessible and 

simple way for purchasers to “buy green,” but the proliferation of eco-labels and other 

sustainability messaging has also caused concerns over the accuracy of claims, and has 

led to worries about a backlash over greenwashing and buyer confusion (Van Amstel, et 

al., 2008).   

A number of efforts to create more standardized frameworks for green product 

claims have emerged in recent years, ranging from the European Union’s Integrated 

Product Policy process (Rehfeld, et al., 2007) to ISO standards for the creation of LCA-

based Product Category Rules (PCRs).  However, assessing sustainability performance 

remains a difficult and costly task.  Within the U.S. context, the U.S. EPA established a 

multi-stakeholder effort in 2015 to pilot and offer recommendations to develop 

transparent, fair, and consistent approaches to selecting environmental performance 

standards and eco-labels to support federal sustainable acquisition mandates (EPA, 

2016a).  This endeavor, as with many other initiatives across industry groups and 

retailers, approaches product environmental performance on a product category by 

product category basis (e.g. paints, flooring, furniture, etc.).  While necessary from the 

perspective that the efficacy of environmental improvement strategies vary across 

product systems, corporate and institutional procurement organizations often purchase 

thousands of products across hundreds of product categories.  Identifying the product 

inputs on which to focus resources and determining purchasing strategies targeting 

improved eco-efficiencies remains a daunting proposition for sourcing managers 

(O'Rourke, 2014). 
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Environmental assessment competencies have been slow to infiltrate strategic 

sourcing and procurement organizations, in large part due to the cost-minimizing cultures 

of these functions, and the high transaction costs associated with searching and screening 

the “credence” qualities associated with environmental performance (Lee, et al., 2011; 

Srinivasan & Till, 2002; Tidd, 2001; Ford, et al., 1988; Darby & Karni, 1973).  In a 

growing number of organizations, environmentally extended input-output models (EEIO) 

have been deployed to help prioritize product categories for implementing environmental 

procurement criteria based on the relative environmental impacts associated with 

purchasing spend within each product industry (Huang, et al., 2009; BSR and UN Global 

Compact, 2010).  This approach also helps elucidate influential inputs and life cycle 

stages that most affect environmental performance of procured product categories.  

Huang et al (2009) suggest that environmental performance improvements affecting these 

high-impact stages be considered more closely for their potential to provide the greatest 

overall impact reduction (Huang, et al., 2009).  But issues remain in determining which 

product environmental claims or attributes are most effective at reducing environmental 

impacts without conducting costly life cycle assessments and waiting sometimes years 

for results (Bala, et al., 2010; Bower, et al., 2011; Schneck, 2009). 

Even when organizations have chosen to invest in understanding the 

environmental performance of procured products, significant challenges remain with 

regard to the comparability of supplier-provided information. These challenges occur 

both within product categories, e.g. comparing paper packaging inputs across competing 

suppliers (Zsidisin, et al., 2000), and between product categories, e.g. comparing 

initiatives to reduce environmental burdens of procured paper versus procured plastics or 

aluminum across the procurement function (Barratt, 2004).  This is especially true under 

the typically specialized organizational structures of the corporate procurement and 

sourcing function, where individual purchasing departments responsible for buying 

particular product categories function as independent, silo-ed groups constrained by 

departmental budget targets (Schneider & Wallenburg, 2012; Haake & Seuring, 2009).   

In this paper, we build upon the streamlined LCA methodologies developed 

previously (Pelton & Smith, 2015) by applying the Hotspot Scenario Analysis (HSA) 

approach across multiple procured product categories of a simulated strategic sourcing 
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organization and developing optimal procurement portfolio strategies that maximize 

environmental benefits under specified budget constraints.  This approach, termed 

Hotspot Scenario Analysis-Procurement Portfolio Optimization (HSA-PPO), 

significantly contributes to the EPP and sustainable supply chain literatures by 

demonstrating approaches that facilitate EPP both within product categories and across 

the procurement portfolio, thereby providing methodological advances to previously 

intractable knowledge gaps. While using a systems (portfolio) approach is relatively new 

to EPP, its utility has been demonstrated and advocated for in several other areas. For 

example, several authors demonstrate the benefits of a portfolio approach in 

manufacturing, where all possible production pathways are considered in the design of 

optimal co-product portfolios (Zondervan, et al., 2011; Chen, et al., 2011; Sammons, et 

al., 2007; Sharma, et al., 2011). Other authors advocate for using a portfolio approach in 

LCA instead of traditional single-product approaches, particularly as it relates to the 

potential to capture the temporal distribution of impacts (Field, et al., 2001; Ryen, et al., 

2015). Organizational-LCA (O-LCA), which is an evaluation of the environmental 

performance of an organization, is another manifestation of a portfolio approach; 

requiring organizations to consider their entire portfolio of suppliers and distributors 

across all operating units (Martinez-Blanco, et al., 2015).  This study contributes to the 

literature on portfolios by assessing the relative environmental performance of a portfolio 

approach compared to a product-by-product approach in the implementation of EPP. In 

doing so, we highlight the potential for increased coordination of sustainability strategies 

across procurement and sourcing functions to most effectively and efficiently reach 

organizational sustainability objectives (Schneider & Wallenburg, 2012). 

We begin by describing the application of the HSA approach to a simulated 

procurement portfolio for a breakfast cereal (BFC) manufacturing firm, which procures 

eight product categories: electricity, wheat grain, corn grain, plastic bags and paperboard 

boxes for primary packaging, plastic films and corrugated board boxes for secondary 

packaging, and cleaning compounds.  We then develop a linear programming model for 

the application of the Procurement Portfolio Optimization (PPO) approach to explore 

combinations of product environmental attributes across the portfolio that maximize 

environmental performance under departmental and organizational budget constraints.  
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Finally, we present the results of the HSA-PPO method and explore sensitivities of the 

approach to uncertainties across product price assumptions, HSA assumptions and to 

changes in procurement budget.  

 

2.2 Methodology 
 
2.2.1 Hotspot Scenario Analysis (HSA) 
 

The eight product categories are prioritized for EPP based on their environmental 

impacts relative to other procured products and stakeholder interests (GEMI, 2014; TSC, 

2011; CMU-GDI, 2008; BEA, 2002).  The environmental impacts of the procurement 

portfolio were estimated through environmentally extended economic input-output 

(EEIO) models (CMU-GDI, 2008) using the Bureau of Economic Analysis (BEA) ‘Use 

Tables’ to determine the quantity of dollars spent on each input industry for one million 

dollars of BFC manufacturing output, thus representing an average BFC manufacturing 

firm (BEA, 2007).  Due to the time and cost to conduct a full LCA, hotspot analysis 

methods were used to identify the hotspot stages and inputs that drive each prioritized 

product’s total impacts.  These hotspots serve as the focal areas for parameterized 

process-LCA, allowing several alternative scenarios to be assessed, as suggested by 

Huang et al (2009) and demonstrated in Pelton and Smith (2014) (Huang, et al., 2009; 

Pelton & Smith, 2015).  The hotspots for each prioritized product were identified using 

EEIO and extant LCA literature, and were limited to cradle-to-gate impacts (i.e. 

extraction of resources to the manufacture of final consumer products) in order to best 

represent the impacts that can be influenced by the procurement function.  Hotspots were 

selected for further analysis if they contributed greater than 10 percent of the total cradle-

to-gate impacts for a given impact category. This threshold was chosen to limit the 

number of sectors evaluated, and to capture a significant enough portion of impact to 

make sustainability efforts worthwhile. The current study assesses impacts on global 

warming potential (GWP) and water depletion - primary areas for which organizations 

have set quantitative sustainability targets (CDP, 2015).  Impacts from electricity are 

driven by the mix of fuels used (CMU-GDI, 2008; Ecoinvent, 2012).  For grain, the 

farming operation is the hotspot for environmental impacts, particularly from nitrogen 
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fertilizer inputs, on-farm fuel use, and irrigation water (TSC, 2011; CMU-GDI, 2008; 

Kim, et al., 2009).  Containerboard boxes, such as paperboard and corrugated board, have 

impacts that are driven by the pulp and paper milling and box manufacturing operations, 

as well as wood harvesting due to different forestry management practices that affect net 

carbon sequestration (CMU-GDI, 2008; PE International, 2009; Ross & Evans, 2002).  

Plastic packaging impacts are driven by resin manufacturing and product manufacturing, 

such as film or bag manufacturing, which thermally transforms plastic resins into final 

consumer products (CMU-GDI, 2008; ERG, 2011).  Lastly, hotspots for cleaning 

compounds include the impacts from the formulation of input ingredients as well as 

packaging (CMU-GDI, 2008; Kapur, et al., 2012; Saouter & Van Hoof, 2002).  See 

appendix A for additional details. 

Each identified hotspot stage serves as the system boundary for a parameterized 

process-based analysis, which was conducted in the thinkstep GaBi 6.0 LCA software 

(PE International, 2014).  Several sources were used to determine the quantities and types 

of material and energy inputs required for each product hotspot stage (see appendix A for 

details).  The upstream life cycle inventories of each identified material and energy input 

were provided by commercial databases such as ecoinvent (Ecoinvent, 2012), PE 

International (PE International, 2014), and USLCI (NREL, 2012); although using data 

from a single database is preferable to ensure comparability in product input system 

boundaries, a combination of the databases was used due to limitations in data 

availability.  TRACI 2.1 and ReCiPE 1.08 methods were used to characterize GWP 

impacts and water depletion, respectively (EPA, 2012a; ReCiPe, 2009).  

For each hotspot, the conventional product impacts are modeled to represent U.S. 

averages, which serve as the baseline of comparison for products claiming environmental 

preferability.  For each prioritized product, a variety of product environmental attributes 

that specifically relate to the product hotspot stages and inputs were identified through 

examination of market claims, eco-labels, and literature (Table 2.1).  These attributes 

either represent a reduction and/or increase in certain types of inputs, or substitutions of 

processes and inputs with alternative processes/inputs. In each case, the goal is to 

illustrate the greatest potential magnitude of impact reductions feasible for organizations 

to achieve through strategic sustainability investments.  
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For each attribute, the percent changes in environmental impacts relative to the 

baseline impacts are determined.  These percent reductions or increments in impact are 

multiplied by the estimated percentage that each hotspot stage contributes to the total 

impacts of each purchasing category, as determined through a combination of EEIO and 

literature review.  Because the EEIO hotspot percentage estimates are representative of 

broad industry impacts, these percentage values are averaged with estimates obtained 

from the literature, since process-based LCA is often at the more specific product 

category level (Pelton & Smith, 2015).  This results in an approximation of the potential 

for an attribute to reduce the total cradle-to-gate impacts of the prioritized product 

categories (see table A.6 in appendix A).  

In each hotspot stage, some attributes can be combined, while others are mutually 

exclusive.  For example, the percent change in impacts as a result of organic farming 

methods cannot be combined with the percent change in impacts from precision farming 

methods, since different inputs and quantities of inputs are used in the two farming 

systems.  A product option can either represent a single attribute or a combination of 

attributes (Table 2.1). The number of mutually exclusive attributes can be minimized, 

resulting in a greater number of possible product options, if the combination of attributes 

is considered directly in the process-based LCA models, thereby accounting for the 

nonlinearity of environmental impacts.  Due to time constraints however, the current 

study allows mutually exclusive attributes to dictate possible attribute combinations.  

Attributes can also be combined across stages, as they are implemented in completely 

different processing stages; thus issues of exclusivity do not apply for the combination of 

attributes across hotspot stages.  For example, attributes from the wood harvesting stage, 

which describe the intensity of the growing/harvest operation and are mutually exclusive, 

can be combined with attributes from the paper mills and box manufacturing stages.  The 

sum across all attribute percent reductions or increments, after multiplying by the percent 

contribution of each respective hotspot, represents the total effect of each product option 

on the total cradle-to-gate impact of each purchasing category.  Even allowing for 

mutually exclusive product environmental attributes, almost 600 combinations (i.e. 

product options), within and across hotspots, were included in the optimization analysis 

(see appendix A for description of attributes). 
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Table 2. 1. Purchasing (Product) category hotspots, environmental product attributes and product option 
rules for attribute combination. 

 

 Nonexclusive attributes can be combined with other nonexclusive attributes and mutually exclusive 
attributes however, attributes listed as mutually exclusive cannot be combined with other attributes listed 
as mutually exclusive.  All attributes can be combined across hotspot stages within a product category.  A 
product option can either be composed of a single attribute or a combination of attributes. Note that 
energy-efficiency attributes for electricity used in BFC manufacturing are not included in the set of 
available options as efficiency improvements cannot be influenced by procurement decisions but rather 
decisions made in the manufacturing function; therefore, only wind electricity is included as procurement 
is able to influence the type of electricity purchased.   
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2.2.2 Procurement Portfolio Optimization (PPO) 
 

Optimizing the EPP process requires information on both comparative 

environmental impacts and the cost to procure environmental product options.  For each 

product category, the average baseline prices per unit (i.e. $/bushel, $/kWh, $/kg, $/gal) 

of conventional products purchased were determined through a variety of literature and 

market sources (McBride, et al., 2012; ERS, 2015; RISI, 2015; Plastics News, 2015; CIS, 

2015; Alibaba, 2015).  These sources were also used to determine whether each product 

environmental attribute yields a price premium or discount (McBride, et al., 2012; ERS, 

2015; RISI, 2015; Plastics News, 2015; CIS, 2015; Alibaba, 2015; Heeter & Nicholas, 

2013).  In each product category, wholesale prices were used to reflect the typically lower 

prices obtained by industrial/commercial purchasers.  Some attribute prices, such as those 

associated with wind electricity, electric efficiency, and thermal efficiency, were used for 

multiple product categories.  For attributes that result in cost savings through the 

reduction of inputs, such as energy efficiency, it is assumed that the cost savings is shared 

equally between the input producer and the consumer, i.e. the BFC manufacturer, since a 

competitive advantage may be gained for the producer by lowering prices.  The total 

price of each product option is determined through the sum of the relevant attribute price 

premiums and discounts; adding one and multiplying these factors by the baseline prices 

determines the dollars per unit for each environmental product option (see table A.6).    

In order to optimally allocate procurement budget across product options and 

across the procurement portfolio, the total cradle-to-gate impacts of the analyzed products 

must be known. To estimate such impacts without conducting costly full LCAs, we first 

determine the cumulative hotspot impact per dollar spent (HC) for each product category 

(C), by dividing the cumulative hotspot impacts per unit (hC) developed from process 

LCA models by baseline product unit prices (zC) (Equation 1).  

 

ℎ"

#"
	= &"		. 

(1) 

The cumulative hotspot impact per dollar (HC) can then be divided by its cumulative 

hotspot percent contribution to total cradle-to-gate impacts (pC), which results in an 
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estimate of the total cradle-to-gate impacts per dollar spent (IC) on each product category 

(Equation 2): 

&"

("
= )"  

(2) 

This value can then be multiplied by the total spend on each purchasing category (SC) to 

determine the total cradle-to-gate impacts (TC) associated with organizational 

procurement for the selected portfolio of products (Equation 3). For the current study, the 

dollars spent on each product category, *" , are estimated by the relative product output 

within each industry using BEA economic input-output item tables (BEA, 2007); this 

step would be unnecessary if actual information on procurement spend were available.  

)"×	*" = ,"	 

(3) 

Because tradeoffs often exist between environmental impact categories, making 

decisions difficult, an environmental performance index (EPI) was created using 

normalized values of GWP and water depletion weighted to reflect their relative 

importance to management, as determined by internal and/or external stakeholder 

preferences, government or scientific recommendations.  The normalization references 

represent the U.S. total quantity of GHGs emitted and total water depleted in a year, at 

7.771 billion tons of CO2e per year (Kim, et al., 2012) and approximately 3.82e10 kGal 

per year (Pacific Institute, 2010), respectively.  Each normalized GWP and water 

depletion value is then multiplied by its respective weighting factors to create an EPI.  

The weighting factors used in the current study were developed for the purpose of 

environmentally preferable purchasing in the U.S. (Gloria, et al., 2007), and were 

determined through stakeholder (including producers, users, and LCA experts) 

preferences, which were systematically prioritized via the analytic hierarchy process 

(AHP) and resulted in the recommended weights for GWP (CO2e) as 29 percent and 8 

percent for water depletion. Note that the weights do not sum to 100 percent as other 

impact categories prioritized in the AHP were not included in the current study, but could 

be included in the future.  
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The final step in the HSA-PPO method is the construction of the optimization 

model.  The model is based on the linear programming (LP) method and was constructed 

in the R Project software using the lpSolveAPI package (Konis, 2016).  The model 

operated under the assumption that the total quantity purchased in each product category 

must stay consistent with the quantities purchased pre-optimization, since the 

procurement function must ensure sufficient amount of product inputs into the BFC 

manufacturing process to maintain a consistent output.  

To demonstrate the potential benefits of coordinating EPP across the procurement 

portfolio through a strategic management process, the optimization model was first run 

under the assumption that product category purchases are made by individual 

departmental silos, and then run assuming procurement is coordinated across the 

organization’s product category portfolio through strategic management and planning.  In 

the case of purchasing silos, each purchasing department, C,  has a set of different 

product options available in the market, - = 1,… ,1" , chooses a quantity of each product, 

23
" , to minimize the environmental impacts (GWP, water depletion or EPI) for the 

department while staying within the departmental budget and meeting the departmental 

output requirements NC (Equation 4): 

min
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9
8:;
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=)3
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"
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(4) 

where =)3"  is the environmental impact per unit of product option i, J3"  is the unit price of 

product i, and L"  is the departmental silo’s procurement budget for a purchasing 

category.  

For the coordinated portfolio approach, the eight departments are managed across 

product categories to meet the organization’s overall performance targets. Each 

purchasing department, C, chooses a quantity of each product, 23" , from the same set of 

available product options, - = 1,… ,1"to minimize the environmental impacts for the 

organization while staying within the total organizational procurement budget, LN, across 

the portfolio of prioritized products (Equation 5) and meeting output requirements NC for 

each department: 
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 (5) 

In this study, the total baseline procurement financial expenditures across all 

prioritized product categories for the BFC manufacturing firm is $128,258, based on the 

relative spend on product inputs for one million dollars of BFC output (BEA, 2007).  The 

output from the optimization model results in the optimal quantity of each product option 

(23"
⋆) that procurement resources should be allocated toward, given the model 

parameters.  After aggregating the total spend and impacts across all purchasing 

categories, both the silo and portfolio approaches are compared to the baseline 

performance, where only conventional products are purchased, in order to illustrate the 

comparative ability of the portfolio versus silo approaches to reduce the total quantity of 

the organization’s impacts and the resulting effects on the total financial expenditures of 

the organization.  See appendix A for a list of the methodological steps, example 

calculations, and parameters.  

 

 

2.3 Results 
The parameterized LCA results suggest that some product attributes reduce 

impacts and some increase impacts relative to conventional baseline product impacts, 

which in some cases vary between the GWP and water depletion impact categories.  For 

example, for the cleaning compound category, GS37 products (those that meet Green 

Seal Standard formulations for industrial and institutional cleaners) were found to 

increase the GWP impact but reduce the water depletion impact relative to conventional 

cleaning compounds over the cradle-to-gate life cycle due to the particular ingredients 

involved in its formulation, thereby representing tradeoffs in the environmental 

preference of such products.  It is important to note that tradeoffs may exist in other 

impact categories, such as human and eco-toxicity impacts, acidification, eutrophication 

and so forth, but they can be considered while making procurement decisions using an 

EPI based on the relative importance to manage each impact category.  Results also show 
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significant variability between attributes and attribute combinations in the magnitude of 

possible reductions or increments of impact (Table A.2). It is important to mention that 

this study does not consider co-products displacement credits in the assessment of 

product options. Such credits may be received, for example, for the displacement of 

nitrogen fertilizers in organic farming systems, or for the displacement of conventional 

electricity mixes in semi self-sufficient mills using pulp fiber.  Therefore, if these co-

products had been considered in the current study, the environmental profile of some 

product options may be lower than currently indicated, such as for grain organic 

attributes and containerboard recycled content attributes (see appendix A).   

For each product option, trade-offs between environmental impacts and costs 

must be considered, as some products may be environmentally preferable but cost 

significantly more than conventional or alternative product options, and vice versa.  

Figure 2.1 displays the range of product options across purchasing categories along the 

dimensions of costs and environmental impacts, which are normalized against baseline 

costs and impacts.  The figure clearly shows that several products result in win-win 

situations, meaning both environmental impacts and costs can be reduced (the third 

quadrants), while several other products result in lose-lose situations, where they both 

increase impacts and costs (the first quadrants). The second and fourth quadrants reveal 

trade-offs between impacts and costs. Why certain product options result in higher or 

lower impacts is a result of the associated changes made in baseline inventory input 

quantities and types of inputs used (see appendix A for details). 

The optimization model uses the product options indicated in Figure 2.1 as inputs 

and provides results suggesting that both silo and portfolio procurement approaches 

select products somewhat differently from the baseline case (Table A.3).  The potential 

purchasing strategies lead to significant reductions in total GWP, water depletion and EPI 

for both the silo and portfolio approaches, compared to the baseline performance. Figure 

2.2 shows the detailed breakdown of total spend per category and total organizational 

spend for the portfolio and silo procurement approaches, and the corresponding quantities 

of reductions/increments for GWP, water depletion and EPI impacts as compared to the 

baseline.   
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Figure 2. 1. Results of Hotspot Scenario Analysis - Comparison of product options across environmental 
impacts and cost.  

 
Product options spread along the dimensions of costs and environmental impacts (GWP, water depletion 
and environmental performance index) relative to each product category’s baseline costs and 
environmental impacts.  Bubble size of each product category labels indicate the relative amount of dollars 
spent on each purchasing category, which plays a significant role in the final capital resource allocation to 
product options resulting from the optimization analysis, as it dictates the budget available for EPP across 
each purchasing category.  Note that the total spend per purchasing category does not sum to 100% as 
these eight product categories represent a prioritized subset of the total procurement product spend.  
Although product options are based on individual attributes that are believed to be currently available on 
the market, some combinations of attributes may not yet be assembled on the market, but instead may 
represent future product options that could be brought about through leveraging the role procurement and 
sourcing managers have with suppliers to impact the options available in the marketplace. 

 

The figure reveals that the silo approach can help cut the company’s financial budget by 

0.25 to 2.54 percent, and reduce 24 to 28 percent of environmental impacts, depending on 

the impact category being minimized. The portfolio approach increases the range of 

impact reductions to between 37 and 38 percent, by using the dollars saved in some 

product categories to gain additional environmental improvements in other categories, 

while staying within the total organizational budget.  This intra-organizational “cap and 
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trade” process is clearly evident in the electricity and corn grain purchasing categories in 

Figure 2.2.  Under the silo approach, no changes are made to purchasing relative to the 

baseline in these product categories due to the inability to access higher cost 

environmental product options under the silo budget constraints, but the portfolio 

approach reallocates spend from other purchasing departments to these departments to 

achieve 10, 13 and 13 percent greater aggregate reduction relative to baseline in GWP, 

water depletion and EPI, respectively. See table A.3 for the optimal resource allocation 

selected for each product category. The portfolio approach spends the entire budget 

allocated to EPP, while the silo approach fails to do so due to a skew in the product 

options available in particular silos.  These results demonstrate, however, that the primary 

advantage of the portfolio approach is that it removes departmental budget constraints 

that may create barriers to efficient investments.  Even low-cost opportunities may 

require substantial capital investments, which may be impossible to obtain within 

departmental silos due to budget constraints. Thus, the portfolio approach to EPP creates 

greater flexibility and thus is more effective in reaching sustainability reductions- in this 

case, between 36 to 54 percent more effective. 

While the resulting sustainability improvements are optimal under the current 

suite of product options, the optimization model could provide significantly different 

optimal solutions given different or a greater variety of product options with potentially 

different costs and environmental impacts, which may be an avenue for future research. 

Optimal solutions may also change given different budget scenarios, however Figure A.1 

shows that strategically planning EPP budget allocations across purchasing departments 

is environmentally preferable among several budget scenarios.  The figure further 

suggests that, by reallocating departmental budgets to reflect final spend allocations of 

the portfolio approach, significant managerial changes to the procurement function may 

be unnecessary, as silo managers can achieve equal performance to the portfolio 

approach when higher cost/higher impact reduction product options are accessible under 

the optimal portfolio spend allocation.    
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Figure 2. 2. Results of Procurement Optimization - Comparative reductions in environmental impacts and 
spend for silo and portfolio procurement approaches.  

 
Compares the GWP, Water Depletion and Environmental Performance Index impact reductions/increments 
(relative to baseline) for each product category under the silo and portfolio procurement approaches, 
where the objective is to minimize environmental impacts subject to particular budgetary constraints.  
Total procurement spend and environmental impacts across the eight purchasing departments are 
indicated to the right of the red dotted line. Intra-organizational cap and trade activities are well 
illustrated in the electricity, corn grain and paperboard purchasing departments by comparing spend and 
environmental reductions achievable through the portfolio approach to the silo approach. Because the 
budget constraints in the silo approach prevent some categories from purchasing more expensive product 
options to achieve reductions, the marginal contribution to the objective (shadow price) is higher than the 
silos that are able to access reduction opportunities within budget (see table S2.9). 

 

The concept of eco-efficiency is helpful in understanding the relative benefits of 

the portfolio purchasing approach versus the typical silo procurement approach.  We 

compare the overall purchasing costs and environmental benefits for the two EPP 

approaches by using the metric of environmental cost-effectiveness, which is defined as 

the total environmental impact per dollar spent on each product category (Huppes & 

Ishikawa, 2005).  Using this metric, a lower eco-efficiency score for a given impact 

category is preferable to a higher score as it implies smaller overall environmental impact 
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per dollar spent.  Comparing the eco-efficiencies for each case to the baseline eco-

efficiency (i.e. conventional product impacts and prices) gives the marginal change in 

total impacts per dollar when resources are allocated optimally in the silo and portfolio 

procurement approaches (Huppes & Ishikawa, 2005; Huppes & Ishikawa, 2008).  For 

GWP, water depletion, and the index, the silo approach improves eco-efficiency by 27.5, 

23.2 and 21.9 percent, respectively, whereas the portfolio approach improves eco-

efficiency by 37.5, 37 and 36.7 percent, respectively, indicating the relative preferability 

of the portfolio approach for an EPP context (see table A.4).  To test the sensitivity of the 

results to changes in the input assumptions, we ran the optimization for several 

alternative sets of parameters, including alternative attribute pricing, alternative product 

category spend, and alternative hotspot assumptions, which in turn changes total product 

category impact estimates and environmental product option performance estimates (see 

tables A.6 and A.7). These alternative hotspot assumptions represent the minimum and 

maximum hotspot contribution to total impact found across all analyzed sources, which 

allows exploration of the effect of uncertainty in these estimates on the relative 

performance of the approaches. Not surprisingly, across all sensitivity analyses, the 

portfolio approach significantly improves eco-efficiency over the silo approach (see table 

A.5); the intuition behind this result is that the portfolio approach allows departments 

with low-cost opportunities for environmental reductions to internally compensate other 

departments that have high-cost reduction opportunities, as seen with the corn, electricity, 

and paperboard categories. Thus, EPP managers are able to more efficiently seize impact 

reduction opportunities by more effectively managing capital resources across purchasing 

departments.  

 

 

2.4 Discussion 
The reduced costs of the HSA-PPO method have enabled a portfolio level 

assessment of environmental reduction opportunities available across purchased product 

categories. In doing so, this study demonstrates that strategically coordinating and 

managing environmentally preferable procurement across the product portfolio can 

achieve substantially greater benefits than the traditional silo EPP approach. Despite 
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these differences, both approaches lead to significant eco-efficiency improvements under 

the HSA-PPO method compared to traditional purchases. Although the HSA-PPO 

method was demonstrated within a breakfast cereal manufacturing firm context, the 

approach is general and may be applied to any industry and product category of interest.  

The HSA-PPO method enables the development of clear quantitative decision signals to 

SSCM and EPP decision-makers regarding optimal purchases of green products to reach 

desired organizational performance.  There are strong benefits to the HSA-PPO approach, 

but several limitations exist. For a discussion of limitations related to the HSA method, 

including impact leakage and trade-offs, refer to Pelton and Smith (2014). One of the 

primary limitations in the construction of the process LCA models is with regard to 

characterizing the relative water impacts for each product category. Due to the use of 

USLCI data in the life cycle inventories of several products, including corn and wheat 

grain, water depletion impacts are systematically underestimated in these categories. 

Consequently, water depletion impacts are dominated by electricity inputs, which instead 

relies on data from ecoinvent (see appendix A for LCI details).  

With regard to the PPO approach, the optimal allocation among alternative 

product options will vary depending on the relative prices of product options, therefore 

the approach is unable to provide once-and-for-all optimal results over time unless buyers 

are able to lock in fixed prices through long-term contracts.  Using fixed contractual 

prices over time would smooth optimization results, but it is possible companies may be 

able to achieve greater savings (in impact and/or spend) if the optimization is iteratively 

run as market prices change, assuming that there is some flexibility for product 

substitutions within organizational infrastructure.  This is an interesting question for 

future research.  

Regarding uncertainty, much of the uncertainty around the comparability of 

process LCA models can be reduced using parameterization, which can help minimize 

the differences in assumptions and datasets across process LCA models. However, using 

the cumulative hotspot percent contribution to total impact as a way to estimate total 

product impacts can result in potentially significant uncertainty in the optimal allocation 

of resources among product options, due to its effect not only on total impact 

characterization but also on the performance of product attribute options. A sensitivity 



	
	

25 

analysis exploring this uncertainty, however, revealed that despite some changes in the 

optimal allocation of resources to different product options under differing hotspot 

percent assumptions, the portfolio approach to EPP always performs markedly better than 

the silo approach (table A.5). In fact, the silo approach can never outperform the portfolio 

approach, because adding constraints to an optimization problem can never improve the 

objective. Furthermore, we recognize the influence that alternative spend distributions 

among product categories may have on the selected product options and the total 

minimized environmental impacts. In addition to the direct sensitivity assessment of 

alternative spend, budgetary shadow prices (i.e. the change in environmental impacts for 

each additional dollar spend in the budget, as determined by the optimal selected product 

options) and the budgetary range over which they remain valid can help characterize this 

uncertainty, as they indicate the stability of the selected optimal product options to 

changes in budgetary spend allocations (table A.9). We also provide shadow prices on 

product unit requirements, which indicate the incremental environmental impact 

reductions of fewer units of product required, and the range of unit requirements over 

which the shadow prices are constant (table A.10). Comparing the portfolio to the silo 

approach, we find greater stability in product selection across possible budgets and unit 

requirements, and continually lower shadow prices than in the silo approach, thus 

indicating the greater efficiency with which the portfolio approach takes advantage of 

reduction opportunities. Overall, the results across all analyses further substantiates 

existing literature supporting the use of portfolio-based analyses instead of single product 

analyses for decision making, and suggests such a structure may be useful for 

procurement functions to transition to for efficiently achieving environmental 

performance targets.   

The results of this study show that the HSA-PPO method fills an important 

information gap by providing resource-limited organizations practical insight on the 

relative benefits of different product options across a portfolio of prioritized products.  

Importantly, the method helps reduce the two primary barriers to the implementation of 

EPP in practice, transaction costs and comparability, thereby facilitating the participation 

of environmentally preferable purchasing in sustainable supply chain management and 
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enabling organizations to more cost effectively and efficiently reach their sustainability 

performance objectives.  
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Chapter 3 

Environmental Performance of Dynamic 
Bio-Refinery Co-Product Portfolios: 
Implications on Production Planning and 
Policy 
 
 

Many studies have recognized the importance of co-products in bio-refineries, 

concerning both the economics of the biorefinery and their contribution to the 

environmental impacts. Due to the life cycle assessment (LCA) recommended allocation 

methods for dealing with multi-product outputs, non-fuel co-products can have highly 

variable and substantial effects on the environmental profile of the main biofuel products, 

having implications for meeting the greenhouse gas reduction targets set by the 

Renewable Fuels Standard (RFS). As market prices and costs change, the product 

portfolio mix also may variably change, depending on the flexibility of the production 

systems. It is important for operation managers and policy makers to understand the 

constraints of production decisions, under various market scenarios, to ensure that 

production pathways and outputs not only maximize profits but also comply with RFS 

reduction targets. This study assesses this variability in production outputs and emissions 

in a bio-refinery using wood residues to produce a variety of biofuel and non-fuel co-

products, including jet fuel, biogasoline, ethanol, isobutanol, paraxylene, activated 

carbon, char, and cement dispersants. A linear programming optimization model 

maximizing gross profits is used in conjunction with LCA methods to assess the economic 

and environmental performance of the co-product outputs under alternative market 

conditions and allocation assumptions. Results show potentially significant implications 

to consider for designing future biofuel and bioproduct policy and voluntary standards.   
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3.1 Introduction 
 

The production and use of biofuels made from renewable sources has been 

acknowledged as a key strategy in the United States to increase energy security and 

reduce petroleum price volatility, stimulate rural economies, and importantly, reduce 

greenhouse gas (GHG) emissions (Parcell & Westhoff, 2006; Winchester, et al., 2013; 

Elghali, et al., 2007). The U.S. Renewable Fuel Standard (RFS), building on the 2007 

Energy Independence and Security Act (EISA), has been the major policy driver for 

stimulating the biofuel economy. Each year, the RFS requires fuel distributors to blend 

increasing volumes of biofuel with conventional fuels, requiring 36 billion gallons of 

qualifying biofuels to be blended per year by 2022. To qualify, biofuels must reduce life 

cycle GHG emissions relative to the 2005 conventional fossil fuel emissions by 20 

percent (Conventional Renewable Fuel), 50 percent (Advanced Biofuel and Biomass-

based Diesel) and 60 percent (Cellulosic Biofuel), depending on the biofuel category 

(EPA, 2016d).  Each category is assigned a renewable identification number (RIN), 

which blenders are required to purchase as proof of complying with the renewable 

volume obligations. RIN revenues are important for the overall economic viability of 

biofuels production, and serve as a critical incentive for biofuel producers to comply with 

GHG reduction targets, since studies have recognized that some biofuel pathways may 

not result in reduced life cycle emissions (Menten, et al., 2013; Stratton, et al., 2011; 

Searchinger, et al., 2008; Fargione, et al., 2008; Tillman, et al., 2009). The hotspot factors 

that significantly contribute to biofuel life cycle environmental impacts, and variability in 

impacts, include the feedstock choice (e.g. corn, wood residues, switchgrass, waste oils, 

etc.) and the associated land-use emissions, the material inputs and energy used in the 

processing pathways, and the types of co-products that are produced (Agusdinata, et al., 

2011; Stratton, et al., 2011; Tillman, et al., 2009; Chouinard-Dussault, et al., 2011), 

which may include bio-chemicals, animal feed, other bio-based products, and 

energy/power.  

Recognizing the potential downside of some biofuel pathways, either 

economically and/or environmentally, several studies have focused on determining the 

optimal design conformation and location of biorefineries, given the multitude of possible 
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feedstocks, processing configurations, and products that could technically be produced 

(Wang, et al., 2013; Gebreslassie, et al., 2013; Marvin, et al., 2012; Chen, et al., 2011; 

Murillo-Alvarado, et al., 2013; Sharma, et al., 2011; Kim, et al., 2011; Mansoornejad, et 

al., 2010; Aksoy, et al., 2011; Dal Mas, et al., 2010). These studies consider aspects such 

as relative biomass availability, facility locations, technology processing efficiencies and 

flexibility, relative yields, fixed and variable costs, capacity needs, and storage 

requirements. Within each study, the focus has centered primarily on optimizing 

economic performance metrics, such as minimizing costs or maximizing net revenues, in 

order to certify the economic viability of the biorefinery design and ensure the resulting 

bio-products and fuels are competitive with conventional fossil-based substitutes. In 

some cases, studies have also incorporated environmental considerations into the decision 

framework, such as minimizing total resource use (Sammons, et al., 2009; Ng, et al., 

2013), wastes (Tay & Ng, 2011; Corsano, et al., 2011), total biorefinery CO2 emissions 

(Gong & You, 2014; Murillo-Alvarado, et al., 2013; Shabbir, et al., 2012), or the 

associated environmental impacts such as Global Warming Potentials (GWP) or weighted 

impacts (Gebreslassie, et al., 2013; Wang, et al., 2013; Moncada, et al., 2013; Marvin, et 

al., 2012; You & Wang, 2011; Mele, et al., 2009). These metrics have been integrated 

either directly in multi-objective optimization models, or are considered separately for 

screening the economically optimal process designs to ensure they also meet 

environmental performance objectives. Although considering environmental performance 

alongside economic performance metrics is imperative for ensuring that environmental 

burdens are alleviated as society transitions from fossil fuels to biofuels, it is also 

important to assess environmental performance within the context of the current and 

potential future policy environments. Towards this end, it is apparent that none of the 

current studies have considered the context of the Renewable Fuels Standard in their 

assessment of environmental impacts, and consequently, the EPA recommended methods 

for determining conformance with the RFS GHG reduction targets has not been 

adequately followed. Accordingly, the usefulness of the assessments, given that the RFS 

is the primary policy driver for biofuels, is limited and has resulted in the studies having 

one or more of the following shortcomings:     
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• Environmental assessment methods and assumptions are obscure and non-

explicit, thereby preventing replicability and assurance of policy compliance. 

• Only non-regulated environmental impacts are considered, such as resource use or 

waste generation, thus having no direct bearing on policy compliance.   

• Environmental impacts are calculated based solely on carbon flows of the 

renewable feedstock and carbon dioxide emitted during processing. 

• Upstream impacts of material and/or energy inputs into the biorefining process 

are only selectly considered or not considered at all (i.e. environmental impacts 

are based solely on foreground system impacts while background impacts are 

neglected).  

• The environmental implications of alternative co-product portfolios, and the 

methods for allocating impacts among co-products, are not considered. 

 

Furthermore, while these studies are beneficial for planning future biorefinery 

plant configurations, they provide little insight to biorefineries in operation. Operating 

biorefineries have biofuel production pathways that have already been selected and are 

entrenched by the investments in capital infrastructure that have already been made, 

which is the situation for almost 400 operating biorefineries in the U.S. alone (Ethanol 

Producer Magazine, 2016; Biodiesel Magazine, 2016). Despite the rigidity in the capital 

infrastructure, many biorefineries have flexibility within their established production 

pathways to produce various types and quantities of co-products. Co-products play a 

particularly critical role for generating revenues in biorefineries (Sharma, et al., 2011; 

Chen, et al., 2011), paralleling the importance in the generation of profit for petroleum 

refineries (Canadian Fuels Association, 2013; Fiorentino, et al., 2014). Indeed, several 

studies have demonstrated the economic benefits associated with flexible polygeneration 

production systems, allowing production managers to hedge market risks by diversifying 

product outputs (Chen, et al., 2011). Consequently, biorefinery product portfolios may 

change throughout the year as production managers adapt to changing market conditions 

to achieve better economic performance. In doing so, however, the environmental 

impacts of the regulated biofuel products can also change in significant and highly 

variable ways. This is because co-products have a substantial influence on the 
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environmental performance of primary products, primarily due to the ways in which 

impacts are allocated among multi-product systems, which can have significant 

implications for meeting the RFS GHG reduction targets. Currently, however, the EPA 

certifies compliant biofuels based on assumed stable production systems, and does not 

consider the dynamics of alternative co-products on the impacts of the fuels, assuming 

the fuels will maintain compliance under different co-product output streams (EPA, 

2016b; EPA, 2016).  

The objective of this study is therefore two-fold: the first is to provide and 

demonstrate an integrated linear programming/life cycle assessment framework, utilizing 

appropriate impact assessment and allocation methods, to assess environmental policy 

compliance of economically optimal production systems under different market 

conditions. In addition to the current Renewable Fuel’s Standard policy, this study 

considers an equivalent future policy requirement for other bio-based products to also 

comply with GHG reduction targets, which has been advocated for in the U.S. 

BioPreferred program (USDA, 2014). Such a policy would affect the choice of allocation 

methods, thus having potentially significant effects on environmental performance and 

RFS policy compliance. The second objective of this study is to examine the implications 

of the EPA’s current assumption about biofuel environmental performance being stable 

across a range of possible product portfolio outputs. Other studies have demonstrated the 

significant influence that co-products have on primary products, both positively and 

negatively affecting performance (Stratton, et al., 2011). This study examines this 

dubious assumption by assessing the performance of biofuels in meeting current and 

future policy targets for a range of different optimal product output combinations 

produced to maximize profit under varying market conditions. Applying the LP/LCA 

framework to a biorefinery that utilizes wood residues to produce jet fuel and other co-

products, the results of this study also provide valuable insights about the optimal 

operating process configurations, which not only helps production managers determine 

what to produce, with what inputs, and in what quantities, but also helps shed light on 

what market developments or policies are required to make certain products attractive to 

produce. 
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The chapter is organized as follows: first a general description of the cellulosic 

biorefinery production pathways is provided, which show the potential for producing a 

variety of bio-products, including iso-paraffinic kerosene (IPK), ethanol, bio-gasoline, 

activated carbon, isobutanol, paraxylene, two varieties of cement dispersant, fly ash 

cement filler, char, and process energy. The generalized linear programming method and 

life cycle assessment of the biorefinery system is then described and a discussion on 

allocation within the context of the current RFS and an equivalent future renewable 

products policy is presented. Finally, the results of the integrated assessment and scenario 

assessment are explored under possible product price and input cost combinations and 

alternative allocation assumptions, thus representing the dynamics and uncertainty of 

potential market conditions, regulatory environments, and practitioner assumptions. 

 
 
3.2 Description of Production Pathways 
 

The cellulosic biorefinery is situated in the Pacific Northwest region of the United 

States and utilizes a series of biochemical conversion steps including, pretreatment, 

enzymatic hydrolysis and fermentation to produce isobutanol (IBA), which can 

subsequently be upgraded to more complex hydrocarbon arrangements including, iso-

parafinic kerosene (IPK), bio-gasoline, or paraxylene (PX). Other co-products can be 

produced from the lignin streams. Insoluble lignin, known as the fermentation residual 

solids (FRS), can be carbonized to produce pyrolysis gas and char. The char product can 

be further activated via steam and CO2 to produce activated carbon; conversely, the FRS 

can be burned for additional process energy. The soluble lignin stream, known as the 

spent sulfite liquor (SSL), can either be fermented to produce ethanol or additional IBA. 

After fermentation, the remaining spent sulfite liquor stillage (SSLS) can be dried to 

produce lignosulfonate cement dispersants. The complete process diagram is illustrated in 

figure 3.1, corresponding to the case study’s more detailed description of the life cycle 

stages presented in section 3.4.  

 
 

 



	
	

33 

Figure 3. 1. Cellulosic biorefinery with multiple product outputs and processing input possibilities. 

 

 
 

 
3.3 Methods 
 

The overall general methodological framework is illustrated in figure 3.2. 

Although several multi-objective optimization models have simultaneously considered 

environmental metrics alongside economic metrics, none have done so in the context of 

the RFS and consequently none have dealt with the complexities of environmental impact 

allocation across different co-product outputs. The current study decouples the linear 

optimization program from the life cycle assessment to transparently apply allocation 

methods to assess environmental impacts in the context of current and future policy. 

Decoupling reduces the problem complexity, increases the robustness of model outputs 
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and creates greater flexibility for model parameters and assumptions to be separately 

updated without changing the entire structure of the model (Sammons, et al., 2007; 

Sammons, et al., 2009). After assessing the environmental performance of each optimal 

product output combination associated with each market scenario, the biofuel outputs are 

compared to their conventional fossil fuel counterparts to determine if the biofuels meet 

either the cellulosic or advanced biofuel reduction targets. If the fuels do not meet the 

targets, the associated gross profit is reduced by the amount of RIN revenues that would 

not be received under a policy structure that required such dynamic assessments for 

evaluating compliance. Production possibility frontiers are constructed to assess potential 

trade-offs between economic performance and absolute/relative environmental 

performance. The following sections describe the linear program and the environmental 

algorithms used to determine biofuel and bioproduct GHG emissions.  

 
Figure 3. 2. Methodological framework for dynamic portfolio assessment. 
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3.3.1 Optimization 
 

Given an existing biorefinery in operation, the primary objective is to maximize 

the gross profit, which is defined as the revenue from product sales minus the cost of 

goods sold, and is represented in the LP by equation 1: 

 

1PQ	Π = 	 SN×JTN,UVW
N

−	 YZ×[)Z,UVW
Z

− \>×J[>
>

 

(1) 

 

YO is a variable that represents the final sold product outputs O. PO is the sales price of 

product O corresponding to each sales price scenario, PSA. The second set of terms 

represents the total input costs required across all production processes. ZI is a variable 

indicating the total quantity of each input I purchased among a suite of potential 

substitute inputs, across all production processes. CI represents the unit costs of each 

input, corresponding to each cost scenario, PSA. The third set of terms represents other 

processing costs for each production process, M. XM represents the quantity of output 

from production process M, and PCM represents the unit production costs of each 

production process’s output. In multi-product processes, XM represents a single co-

product output, for which the associated production costs, inputs and co-product outputs 

are put into terms. The maximization function is subject to several constraints, including 

sales not being able to exceed production, the consumption of the variable inputs cannot 

exceed the purchase of the inputs, and constraints on the minimum and maximum 

production outputs and maximum input supply/availability.  In particular, IPK jet fuel 

production is subject to supply contracts, such as those made with the U.S. military 

(Sustainable Business News, 2011), and are constrained to produce the minimum level 

specified by such contracts, as represented in the LP by equation 2:  

 

	S]^ ≥ T[ 

(2) 
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The minimum level of jet fuel production, represented by the parameter OC, is less than 

or equal to the total sold jet fuel output YJF, which can be produced through different 

processing pathways using different inputs. The OC parameter represents a range of 

different hypothetical minimum levels of production, ranging from no minimum level 

(i.e. no contracts) to a minimum level of 115,000 tons per year. The maximum output of 

all possible biorefinery products are constrained by the maximum raw material (wood 

residue) supply at approximately 846,059 tons per year, which has been determined by 

industry collaborators based on equipment capacities, biomass availability and logistics 

(Yoder, 2010). Additional constraints are placed on the maximum quantity of several 

other non-fuel co-products due to limitations in demand and ability to penetrate global 

markets, as explained in section 3.4. The LP model is solved for each minimum level of 

production and for each pricing and cost scenario, providing a sensitivity analysis of 

product outputs and biorefinery profits under uncertain future conditions and capturing 

the space of possibilities for the environmental impact assessment.  

The model for this case study was coded in the GAMS software and has 97 

continuous variables, 5 constraints, and was solved using the CPLEX solver for linear 

program problems. A full output of the GAMS model code and a tableau of the model 

parameters is presented in appendix B.  

 
 
3.3.2 Life Cycle Assessment 
 

To meaningfully assess the environmental performance of biofuels as it relates to 

whether the biofuel meets the RFS, a life cycle assessment framework must be followed. 

LCA is a methodological approach that tracks the material and energy flows of products 

and services across production and consumption stages (i.e. extraction of resources, 

transportation, processing, distribution, use and end of life) and characterizes the 

associated environmental burden across several categories of impact. Under current U.S. 

policy, biofuels are regulated specifically in the global warming potential impact 

category, having to demonstrate reduced life cycle greenhouse gas emissions compared to 

fossil fuel counterparts. As such, for assessing compliance with the RFS, the scope of the 

LCA is a well-to-wheels (WTW) attributional assessment of the greenhouse gas 
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emissions associated with the biofuel outputs. Under both the RFS and a hypothetical 

future equivalent policy for bio-products, the scope includes a WTW attributional 

assessment of biofuels and a cradle-to-grave attributional assessment of the bio-based co-

products. The GHG emissions are calculated using emissions factors for process energy 

(e.g. fuel oil, natural gas, coal) and electricity use, and material input use (e.g. sodium 

hydroxide, catalysts, enzymes, etc.) that include upstream emissions (i.e. background 

emissions) associated with extraction, transport and distribution. The following sections 

discuss the methods for allocation under both policy scenarios.  

 

3.3.2.1 Allocation 
 

Due to the economic opportunity, and often, necessity for biorefineries to produce 

and sell non-fuel co-products alongside biofuel products, the U.S. EPA requires that 

appropriate allocation methods are used to distribute and account for the potential 

consequential impacts of multi-product biorefinery systems. Specifically, the EPA has 

adopted the International Standards Organization (ISO) allocation hierarchy for defining 

the appropriate allocation scheme to determine biofuel GHG compliance (Wang, et al., 

2011). The first priority in the hierarchy is to avoid allocation altogether by sub-dividing 

processes into their component parts, allowing intermediate inputs/outputs and associated 

environmental impacts to be tracked. This study implements sub-division to the greatest 

degree possible via the Aspen Plus software, which provides detailed life cycle inventory 

information for each stage of production.  

The second priority in the hierarchy is to account for the consequential effects of 

displacing, or substituting, conventional products with alternatives. To calculate such 

consequential effects in an attributional LCA, the life cycle environmental impact of the 

conventional product is subtracted from the life cycle environmental impact of an 

equivalent quantity of the displaced product, which results in either an increased or 

decreased net impact. The respective debit or credit is then attributed to the main product 

of the production system. For the biorefinery, credits or debits from co-products are 

attributed to biofuel outputs, since biofuels are the only product outputs environmentally 

regulated and thus are considered the ‘main’ products (Wang, et al., 2011).  
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Although process subdivision and displacement allows allocation to be avoided to 

a significant degree, some production processes are naturally multi-product processes that 

cannot be further sub-divided, and some co-products do not necessarily displace 

conventional products because the co-product is itself a conventional product in an 

established market. For these cases, it is necessary to employ the third priority in the 

hierarchy, which is to allocate impacts between product outputs based on physical 

relationships, such as the relative mass or energy content of the outputs. For product 

processes that produce multiple fuel energy products, the EPA recommends impact 

allocation based on the relative energy content of the fuels, as this reflects the ‘use’ of the 

product. Although it is now established in the U.S. that fuel products should use relative 

energy output and non-fuel co-products should use relative mass output to allocate 

impacts, there is little guidance for what measure of mass should be used, whether it be 

dry or wet mass. An argument can be made to use either dry or wet mass; dry mass may 

be used because it reflects the true embedded resource used in production, however, wet 

mass may also be chosen as it is what drives the need for certain impact intensive 

processing steps, such as drying. To understand the sensitivity of the results to these 

alternative assumptions, the effects of using the relative dry mass versus the relative wet 

mass are compared.  

The final allocation scheme in the hierarchy is to allocate impacts based on 

relative economic relationships between product outputs. While economic relationships 

may reflect the true purpose of production, the stability of the resulting environmental 

impact assessment is tenuous due to possible changes in relative market prices. 

Additionally, it is difficult to determine the economic value of intermediate products that 

do not have markets, making economic allocation a challenge for sub-divided multi-

product production processes. For this reason, economic allocation is avoided altogether 

in this study. 

While this allocation hierarchy is suitable for the context of the Renewable Fuels 

Standard, amendments will be needed if future policies, whether public or private, require 

other bio-based products to meet environmental performance metrics. Namely, if other 

non-fuel bio-products become environmentally regulated to qualify for procurement 

preference, either through policy or voluntary standards such as what has been discussed 
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for the USDA BioPreferred program, then use of the displacement method will no longer 

be applicable in the assessment of biofuel environmental performance due to the 

propensity to double-count environmental benefits. Instead, after sub-division, all co-

product environmental impacts will be determined using the subsequent physical and 

economic allocation schemes to certify that the bio-products meet policy-specified 

reduction targets when compared to their conventional counterparts. This change in 

policy may have substantial effects on the final GHG emissions attributed to biofuel 

products, since several studies have demonstrated the significant influence that the choice 

in allocation scheme has on product environmental performance (Stratton, et al., 2011). 

In preparation for this possible future, this study examines the environmental 

performance of biofuels under these two different policy environments.  The following 

section will describe the environmental impact algorithms used to determine biofuel RFS 

compliance. 

 

3.3.2.2 LCA Algorithms 

 

By sub-dividing the production processes, it is possible to track the life cycle 

GHG emissions associated with the production of each intermediate and final product 

output. In the few processes that produce multiple intermediate co-products, the 

environmental impacts associated with the upstream processes are allocated based on 

relative mass outputs for non-fuel co-products and relative energy output for fuel co-

products. To calculate the environmental impact of biofuel, we first need to calculate the 

environmental impacts associated with each product output, and to do so, the 

environmental impacts generated from each production process must be assessed. The 

total impacts of each production process are based on 1) the fixed, non-substitutable 

inputs to the process, which are aggregated into a single life cycle emission factor per 

unit of process output (as determined from LCA databases), and 2) the optimally chosen 

substitutable inputs to the process and the respective life cycle emission factors, as 

represented by the first and second set of terms in the numerator of equation 3. Because 

several production processes, M, using alternative substitute inputs, I, exist to produce the 

same type of product outputs (e.g. steam can be produced from many types of possible 
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inputs), which can then be used in subsequent downstream processes without 

differentiation, it is necessary to average the impacts across these similar production 

processes. The averaging is based on the combined total output across co-products from 

the similar production processes, in order to later allocate the impacts of production 

between multi-product outputs. The resulting average emissions per unit of total output, 

GHGTO, is presented in equation 3: 

 

`&`aN = 	
b<×c< d b<×ef,<×cf<,f

a<<,f
. 

(3) 

 

XM is the quantity of primary output from production process M, as described earlier for 

equation 1, and GM is the CO2e emission factor per unit output associated with the non-

substitutable inputs to each production process. UI,M is the quantity of substitutable input, 

I, required per unit of primary output in production process M, and GI is the emission 

factor per unit of input I. TM represents the total output across co-products in production 

process M, and is determined by equation 4.  

 

,> = \>×[> + \>
N,>

 

(4) 

 

CM represents the quantity of each co-product produced per unit of the primary co-

product produced in production process M. For example, for the pretreatment process in 

the case study, SSL outputs are in terms of one ton of pulp output. Summing across each 

co-product output in process M and adding to the primary output results in the total 

production process output, TM.  

After the average impacts per unit output is determined for each generalized 

production process, GHGTO, the impacts of the salable product outputs can be assessed. 

The emissions per unit of each salable product output, GHGSO, includes both the 

emissions from the direct processing of the output and the aggregated upstream 

processing emissions associated with producing intermediate products used in the 



	
	

41 

production of the final output, as represented by the numerator’s first and second terms, 

respectively, in equation 5: 

 

`&`VN =
bhi×	cjchi ×	Wki d	 bhi×l<mn,hi×cjc<mn,hi ×Wi,<mn ×Wki<mn,i

bki
. 

(5) 

 

XTO is the total processing output (which is equivalent to the denominator in equation 3), 

and GHGTO is the average production impacts per unit of total processing output. Because 

GHGTO represents the CO2e generated per unit of total processing output, it is necessary 

for multi-product processes to allocate the processing impacts to each individual product 

output. ASO represents the allocation factor associated with each individual salable 

product output, as determined through mass allocation or energy allocation, depending on 

whether the outputs are respectively non-fuel or fuel co-products (see equation 7).  If a 

production process results in a single product output, then ASO is effectively 1, where 100 

percent of the impacts are allocated to the singular output. The second set of terms in 

equation 5 represents the upstream processing emissions associated with producing 

intermediate product outputs used in the production of each final salable output. RM-n,TO is 

the quantity of input required from each preceding upstream processing stage, M-n, to 

produce one unit of total output of the subsequent processing stage, as it relates to the 

final output of interest. Similarly, GHGM-n,TO is the associated emissions per unit total 

output generated from each preceding production process. For example, if the final output 

of interest is jet fuel, RM-n,TO represents the quantity of isobutanol inputs required in the 

jet fuel production process, the quantity of hydrolysis sugars required as input into the 

fermentation process which produces the isobutanol, the quantity of pretreated pulp 

required as input into the enzymatic hydrolysis process, and so on for each additional 

preceding process. Upstream multi-product processes are multiplied by the allocation 

factors AM-n,O, corresponding to the intermediate output used in the subsequent 

downstream processes that produce the salable output of interest (see equation 8). 

Summing the upstream impacts across all upstream processing steps and multiplying by 

the salable output’s direct processing stage’s allocation factor results in the total upstream 
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processing emissions associated with producing the salable product outputs. The total 

allocated GHG emissions is then divided by the total quantity of each potentially salable 

output produced, XSO, resulting in the total production emissions per unit of each salable 

product output, GHGSO. XSO is determined by taking the product of the total quantity of 

output, XTO, and the quantity of each co-product produced per unit of the total co-product 

output from each generalized production process, CTO, as defined by equation 6. These 

emission factors are then multiplied by the total outputs sold, YO, to determine the total 

production impacts of the biorefineries co-product portfolio, GHGY, see equation 7.  

 

[aN = 	
\>×[>

\>×[> + \>N,>

 

(6) 

 

`&`o = 	`&`VN	×	SN 

 (7) 

 

The allocation factors defined in equation 8 are parameters determined prior to 

optimization and are based on the relative percent of mass or energy output generated 

from each multi-product production process per unit of time. For the current study, 

MESO,M represents either the total mass or energy of salable product O generated in 

production process M per hour; summing across all salable product outputs in the 

production process result in the total mass or energy generated per hour from the 

production activity, as indicated in the denominator. The proportion of mass or energy is 

then used to allocate the impacts of production to each of the salable outputs, ASO. 

Similarly, AO,M-n, is the relative proportion of mass or energy resulting from each 

intermediate output that is generated from the upstream multi-product production 

processes. See table B.1 for the allocation factors used in the case study.  

 

pVN = 	
1=VN,>

1=VN,>VN,>

, 	pN,>q7 =
1=N,>q7

1=N,>q7N,>q7

 

(8) 
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Under a future bio-products policy scenario, GHGY in equation 7 would be 

sufficient to compare against conventional product emissions for evaluating policy 

compliance, assuming that use and disposal emissions between bio-based and 

conventional products are equivalent. However, under the current RFS policy, co-product 

GHG emissions must be put into the context of biofuel GHG emissions, thereby requiring 

the net emissions from co-product displacement of conventional products be attributed to 

the biofuel products, as indicated in equations 9 through 12.   

 

`&`r = `&`o + `&`s,o + `&`"s×pr 	 

(9) 

 

GHGB represents the total well-to-wheels greenhouse gas emissions generated and 

attributed to the biofuel outputs of the biorefinery, which can be used for assessing RFS 

compliance. The biofuel GWP impacts are a combination of the emissions generated 

directly from the production of the biofuel, GHGY for the biofuels subset, the downstream 

distribution emissions, GHGD as defined by equation 10, and the allocated displacement 

emissions credits or debits as represented by the third set of terms. Because the carbon 

dioxide released during combustion is biogenic, these emissions are excluded from the 

equation, as discussed in section 3.4. 

 

`&`s,o = Sr3tuvwx×`s 

(10) 

 

The distribution emissions, GHGD, are determined by multiplying the quantity of each 

biofuel produced by the CO2e emissions for distributing a unit of each type of biofuel, 

GD, as provided by the LCA databases. The total displacement credits or debits, GHGCD, 

are estimated by subtracting the total GHG emissions of an equivalent quantity of 

displaced conventional product from the total GHG emissions of the bio-based non-fuel 

co-product, as indicated in equation 11. 
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`&`"s = `&`o − SN×=y×`^
oz{n|}~�

 

(11) 

 

EF represents the equivalency factor required to displace an equivalent quantity of 

conventional product, and GF is the cradle-to-gate emissions per unit of conventional 

product produced. Summing across all the revenue generating non-fuel co-products that 

displace conventional products results in the net total quantity of GHG emissions 

attributed to the production of the biofuel outputs. GHGCD can either be negative (credits) 

if conventional product emissions exceed the bio-product emissions, or be positive 

(debits) if bio-product emissions exceed conventional product emissions. If multiple 

biofuels are produced in the biorefinery, the net displacement emissions can be allocated 

based on the relative energy output of the fuels, AB, as defined in equation 12, where 

ECBiofuel represents the energy content (MJ/kg) of each of the produced biofuels. 

 

pr =
Sr3tuvwx×=[r3tuvwx

Sr3tuvwx×=[r3tuvwxoÄ8{|}~�

 

(12) 

 

Under both the current RFS and a future bio-products standard, the final goal is to 

determine whether the biofuels and bio-products meet the GHG reduction targets set by 

the respective standards. To do so, the percent change in GHGs of the biofuel or bio-

products compared to the conventional fossil-based products are determined using 

equation 13, where GHGConv is the total emissions associated with an equivalent quantity 

of displaced conventional product (comparable to the second set of terms in equation 11). 

 

Δ% =	
`&`r −	`&`"t7É

`&`"t7É
, Δ% =	

`&`o − `&`"t7É

`&`"t7É
 

(13) 

Using the methods described, the environmental implications of alternative bio-product 

portfolios under dynamic market conditions were examined via a case study on a forest 
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residue biorefinery. The following section describes the production systems used in the 

forest residue biorefinery in greater detail.  

 
 
3.4 Biorefinery Case Study  

 

Aspen Plus models of the cellulosic biorefinery system, as developed by industry 

collaborators, in conjunction with EcoInvent, USLCI, and GaBi professional and 

extension databases, and published literatures, provided the data necessary to perform the 

LCA. Life cycle inventory (LCI) information corresponding to the specific material and 

energy inputs and outputs of each of the below detailed processing stages are presented in 

appendix B.    

 
 
3.4.1 Description of Life Cycle Inventory 

 

3.4.1.1 Raw Material Extraction 
 

Every year, approximately 40 million tons of forest residues consisting of treetops 

and branches are generated from timber harvesting operations, which typically collect 

only 61 percent of above-ground forest biomass, leaving the rest as residues (Zamora-

Cristales, et al., 2015; Ganguly, et al., 2014). Instead of the traditional means of handling 

harvest residues, which is often to collect and burn in slash piles, these waste residues can 

be processed into value-added bio-products, creating markets which stimulate local 

economies and also provide benefits to forest health by reducing fire hazards (Perlack & 

Stokes, 2011; Zamora-Cristales, et al., 2015). Due to the location of the biorefinery in the 

Pacific Northwest (PNW), Douglas fir softwoods are the primary source for timber 

harvesting and thus the primary source for residues.  

The environmental impacts associated with the forest residues are based on the 

inputs required for forest regeneration, harvest, collection and transport to the refinery, as 

described in Ganguly et al. (2014). Because waste residues are used as feedstock, there 

are no associated land-use change emissions (Tillman, et al., 2009). The impacts of 

regeneration and harvest are allocated on a mass basis based on the quantity of felled 
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trees left on forest floors as residues, approximately 39 percent. To comply with the PNW 

regional forest fire mitigation mandates, slash pile residues are control-burned. The fossil 

GHG emissions associated with burning these residues, primarily through broadcast 

burning, can be avoided through the bio-fuels market for residues. Therefore, forest 

residue feedstocks account for these avoided emissions in the overall assessment of 

environmental impacts. Ganguly et al. (2014) estimates the total GHG emissions 

associated with the forest residue feedstocks from the PNW region, including avoiding 

slash-burn impacts, as approximately 34.89 kg CO2e/bone dry ton of residue.  

 

3.4.1.2 Feedstock Handling 
 

The forest residues arrive at the cellulosic biorefinery and are initially processed 

in the feedstock handling department which includes systems to unload, weigh, record 

data, and convey residues to pretreatment processes, all of which require electricity for 

operation. Due to the availability of biomass and the increasing costs associated with 

transporting residues from greater distances, and biorefinery capacity considerations, the 

feedstock handling department receives almost 8 truckloads of forest residues every hour. 

This corresponds to approximately 846,049 bone dry tons of forest residues received each 

year, at approximately 40 percent moisture content. This department also handles any hog 

fuel inputs, which can be used as a potential fuel source for the boiler. Although most of 

the forest residues are sent to pretreatment processing, a portion is screened out as waste 

and sent to the boiler.  

 

3.4.1.3 Pretreatment 
 

The high lignin content of cellulosic biomass makes the wood residue feedstocks 

recalcitrant to biochemical conversion, so it is necessary to first pretreat the forest 

residues to achieve sufficient yields of fermentable sugars. The Sulfite Treatment to 

Overcome Lignocelluloses (SPORL) process uses calcium bisulfite (Ca(HSO3)2) to 

break down the softwood residues, creating two intermediate product streams- a pulp 

stream that requires further processing through enzymatic hydrolysis, and a 

lignosulfonate stream known as spent sulfite liquor (SSL) that contains some soluble 
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sugars (Zhu, et al., 2015). The SSL stream can consequently be either fermented to 

produce isobutanol or ethanol, the primary differentiator between the processes being the 

enzymes used for fermentation (Leu, et al., 2013; Zhu, et al., 2015; Aden, et al., 2002; 

Greenwood, et al., 2009). Due to the multi-product nature of the pretreatment process, the 

environmental impacts of the processes are allocated to each of the intermediate co-

product streams based on the relative mass output, see table B.1.  

 

3.4.1.4 Enzymatic Hydrolysis 
 

The enzymatic hydrolysis process uses cellulase and hemicellulase enzymes to 

break the cellulosic and hemicellulosic sugars contained in the pretreated pulp into 

monosaccharides, which are subsequently converted more easily to IBA. The cellulase 

enzymes are produced onsite at the biorefinery which results in lower environmental 

impacts compared to purchased cellulosic enzymes which require significant energy 

inputs to dehydrate the enzymes for cost-efficient transport. Hemi-cellulase enzymes, 

however, are purchased from an external supplier. The hydrolyzed sugar output contains 

approximately 10 percent by weight monomeric sugars and approximately 6 percent 

residual lignin fibers.  

 

3.4.1.5 Fermentation to IBA 
 

The SSL stream from the pretreatment process and the hydrolysis sugar stream 

from the enzymatic hydrolysis process are fermented in separate batches as they require 

different yeasts specially modified to produce isobutanol. For optimal yields, the yeasts 

require a pH of 4.3, requiring the SSL to be adjusted with lime, and hydrolysis sugars to 

be adjusted with sulfuric acid, given their respective initial levels of acidity and 

alkalinity. The isobutanol is separated from the waste SSL stillage and residual lignin 

solids, and purified to be either used as a base chemical that can be directly sold for use 

in a variety of applications, or could be further upgraded within the biorefinery to 

produce biofuel or paraxylene. Because the fermentation process results in multiple 

intermediate co-products, the impacts attributed to IBA are based on its total mass output 

relative to the total mass outputs of the other two co-products, as detailed in table B.1. 
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Due to the significant differences in the water content of the resulting co-product outputs, 

the effects of using dry mass versus wet mass to allocate impacts is likely to lead to fairly 

substantial differences in the environmental performance of the respective downstream 

products.  

If the bio-based IBA is directly sold, it can displace other conventional IBA 

products made from fossil fuel sources, such as natural gas or coal, at a ratio of 1 to 1. 

Traditional IBA production results in approximately 4536-6350 kg CO2e/ton fossil-based 

IBA, representing natural gas and coal derived IBA, respectively (Adom, et al., 2014). 

This study uses the more conservative emission factor of 4536 kg CO2e/ton fossil-based 

IBA for assessing the net impacts of displacement.  The total output of bio-based IBA is 

constrained to approximately 148,532.5 tons, which represents about 10 percent of the 

projected 2015 global production of IBA, assuming a growth rate of 7 percent (OECD, 

2004; Yuan & Hui-feng, 2012).  

 

3.4.1.6 Fermentation to Ethanol 
 

Instead of fermenting the SSL intermediate product stream to IBA, it is possible 

to alternatively ferment the SSL to ethanol, with slight adjustments to enzyme mixtures. 

The fermentation of SSL, also known as red liquor to the pulp and paper industry, has 

been promoted for integration into pulp and paper mills to diversify revenue streams. As 

such, the material-flow information for the SSL fermentation to ethanol process is based 

on literature sources from pulp mills (Aden, et al., 2002; Greenwood, et al., 2009). The 

data is adapted based on the specific conditions of the biorefinery SSL outputs, namely, 

the total quantity of SSL processed and its specific sugar content, which dictates the total 

ethanol yield and the total quantity of inputs required for a unit of ethanol output. 

Ammonium hydroxide is used to increase the pH of the SSL from its initial value of 2.6 

to its target value of 5.75 to 6; the total quantity of ammonium hydroxide required is 

determined based on titration curves (Greenwood, et al., 2009).  
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3.4.1.7 IBA Fuel Conversion 
 

IBA can be further upgraded through a process of dehydration, oligomerization 

and hydrogenation to produce two biofuel product possibilities, including iso-parafinnic 

kerosene (IPK) (i.e. jet fuel) and bio-gasoline. Due to the relatively long hydrocarbon 

length of IBA, it is possible to push all fuel outputs to the IPK hydrocarbon range, 

however, the maximum quantity of biogasoline that can be produced is just 50 percent of 

the total fuel mass output, with the other 50 percent being composed of IPK. When both 

biogasoline and IPK are produced, the GHG emissions generated from the direct 

processing and upstream processes are shared based on their relative energy output (i.e. 

energy allocation).  

Due to the proprietary nature of the biorefinery fermentation and fuel conversion 

processes, the material-flow information was obtained for these processes in aggregate 

form. The material-flow information is disaggregated and attributed to the respective 

processing stage based on academic laboratory-scale estimates of the fuel conversion 

process. Estimates are scaled to the output levels of the biorefinery and subtracted from 

the aggregated material-flow data to determine input requirements for the respective 

fermentation and fuel conversion processes. When both IPK and biogasoline are 

produced, it is estimated based on expert judgement from academic and industry partners 

that there may be small reductions in energy requirements in the magnitude of up to 10 

percent, as well as a small reduction in the hydrogen requirement, which was assumed to 

be about 5 percent.  

 

3.4.1.8 Paraxylene Production 
 

IBA can undergo similar processing steps as the process of upgrading to IPK and 

bio-gasoline, with slight alteration to produce paraxylene (PX). Like IPK production, 

IBA is first dehydrated and oligomerized, but instead of entering a process of 

hydrogenation, a process of dehydrogenation is used in which the intermediate octene 

molecules are aromatized to produce a xylene mixture composed of para, ortho, and meta 

xylenes. The ortho and meta xylene components are iteratively recycled in the 
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dehydrogenation process to yield near 100 percent output of paraxylene (Peters, et al., 

2011). Material and energy flows for paraxylene production is obtained from Chen et al 

(2016). In addition, this study considers the possible biogenic carbon storage resulting 

from long-lived downstream paraxylene-based products. Using the carbon content of PX, 

approximately 90.5 percent wt, the avoided CO2e emissions from biogenic carbon storage 

is 3,012 kg CO2e/ton bio-PX. 

The resulting bio-paraxylene product is chemically equivalent to conventional 

fossil-derived paraxylene, thus having a displacement ratio of one to one. Traditional 

paraxylene production in Germany results in approximately 2,522 kg life cycle CO2e 

emissions per ton PX produced (PE International, 2014). U.S. paraxylene production 

impacts may result in slightly greater CO2e due to differences in electricity fuel mixes, 

however, due to data limitations, the dataset is assumed to provide a sufficient and 

conservative estimate for characterizing the consequential effects of fossil-paraxylene 

displacement.  

 

3.4.1.9 Lignosulfonate Drying 
 

After removing the residual sugars from the SSL stream during fermentation, the 

remaining soluble lignin left in the SSL stillage (SSLS) can be further dried and sold as a 

lignosulfonate cement dispersant. The water in the SSL stillage is first evaporated in a 

vapor recompression process, requiring electricity and calcium hydroxide to adjust the 

pH. The resulting lignosulfonate can then be directly sold at 60 percent moisture or 

further dried via a spray drying process. The spray drying process requires both 

electricity and natural gas inputs, which dry the lignosulfonate to 7 percent moisture 

content. Markets for these lignosulfonate co-products are well-established as they have 

been sold and used as cement dispersants for many decades. As a consequence, the 

production of these co-products do not displace ‘conventional’ products. Therefore, no 

displacement credits or debits are attributed to the biofuels from these co-products, and 

instead, impacts associated with their processing stay with the respective co-products. 

Emissions from fermentation and other upstream processes are allocated to SSLS based 

on the mass allocation factors in table B.1.  
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3.4.1.10 Carbonization 
 

The insoluble lignin residuals left over from fermentation (i.e. fermentation 

residual solids, FRS), while traditionally burned for boiler fuel, can instead be upgraded 

to produce additional value added products, including char, pyrolysis gas and activated 

carbon. Prior to entering a carbonization process, the FRS stillage is dried to 

approximately 35 percent solids using a belt press and centrifugal dewatering process, 

after which, a rotary dryer is used to dry the material to 95 percent solids. A 

carbonization process, which exposes the insoluble lignin to nitrogen and 700° C steam, 

is used to produce char and pyrolysis gas. The pyrolysis gas is fed back to the gas boiler, 

while the char can be sold and used as a soil amendment to improve soil health and 

productivity, or further upgraded to produce activated carbon.  

There are several sources of avoided emissions when char is used as a soil 

amendment, including avoided emissions from carbon storage, avoided emissions from 

reduced N2O emissions (Woolf, et al., 2010) and avoided fertilizer emissions due to the 

improved cation-exchange capacity that allows for greater nutrient uptake (Spokas, et al., 

2012). The biogenic carbon content of the lignin char is approximately 81 percent; about 

4 percent of the carbon is unstable and released as biogenic CO2, whereas the remaining 

stable carbons are stored for many hundreds of years (Woolf, et al., 2010; Roberts, et al., 

2010). Consequently, about 2.85 kg CO2e per kg of char is stored and avoided. Regarding 

N2O emissions, there is some evidence to suggest that a reduction in the amount of direct 

and indirect N2O emissions are caused through char soil amendments, but significant 

uncertainty exists. Wolf et al (2010) assumes a conservative 25 percent reduction in total 

N2O emissions, but a range of 0 to 80 percent has been observed. Assuming a nitrogen 

application rate of 140 lbs per acre (USDA, 2010), a char application rate of 8.9 short 

tons/acre (Woolf, et al., 2010), and the IPCC tier 1 direct and indirect N2O emission 

factors (De Klein, et al., 2006), approximately 11 kg CO2e is avoided per ton of char 

applied. Regarding fertilizer use efficiency, it is assumed that N, P and K fertilizer is 

reduced by 7.2 percent due to increased efficiency in nutrient use (Roberts, et al., 2010). 

Using the 2010 average N, P and K application rates for corn (USDA, 2010) and the 
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types of fertilizers indicated in Hsu et al. (2010), approximately 4.2 kg CO2e could be 

avoided per ton of char applied. The total avoided emissions are equal to  

The market for char products is relatively new and small, where low volumes are 

sold locally and usually for gardening and tree care. Consequently, the quantity of sold 

char outputs is constrained to a maximum annual quantity of 827 tons of output, which is 

the maximum sold quantity reported by companies selling char (Jirka & Tomlinson, 

2014). 

 

3.4.1.11 Activation 
 

To produce activated carbon, carbonized char must be activated through exposure 

to CO2 and steam heated to 700° C, creating additional porosity and adsorbability. The 

powdered activated carbon produced in the biorefinery can be used for a variety of 

applications (e.g. water and air filtration), and its demand is expected to grow 

significantly over the next few years due to U.S. mercury emission regulations 

(Freedonia, 2016). The material and energy flows required for carbonization and 

activation were determined through laboratory scale experiments designed to maximize 

yields while meeting the porosity specifications for mercury air emission filtration. The 

resulting bio-based activated carbon displaces conventional activated carbon made from 

coal. It is assumed that hard coal-based activated carbon is displaced thus avoiding 

approximately 5.08 kg of CO2e per kg of bio-AC (PE International, 2014a). Industry 

partners indicate the biogenic carbon content of activated carbon is approximately 82 

percent carbon. Again, assuming only 4 percent of the carbon is emitted over the first few 

years while the rest remains stably stored for centuries, resulting in approximately 2.89 

kg of CO2e emissions avoided per kg of activated carbon (Woolf, et al., 2010).  

 

3.4.1.12 Boiler 
 

 To supply the thermal energy required by each of the processing stages, two types 

of boilers may be used, independently or in combination with one another. One boiler 

uses hog-fuel (i.e. wood chips), unused wood residues, and/or waste lignin streams, in 

conjunction with a small quantity of natural gas or biogas inputs to start combustion. The 
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ash residues left over from combustion are either landfilled or potentially sold for cement 

filler. The other boiler uses entirely gaseous fuels for combustion, including natural gas, 

pyrolysis gas from the carbonization process and/or purchased biogas from landfills, 

water treatment facilities or livestock farms.   

 

3.4.1.13 Gate-to-Grave 
 

 To compare the GHG emissions of biofuels to the 2005 conventional fuel baseline 

emissions, the emissions from distribution must be included in the biofuel emissions 

estimation. Combustion impacts, on the other hand, are excluded from the assessment 

because the CO2 emissions are assumed to be carbon neutral, per the EPA and ISO 

recommendations, although several studies have contested the validity of this assumption 

(DeCicco, et al., 2016; Sedjo, 2013). Because the IPK and biogasoline outputs are ‘drop-

in’ biofuels that can utilize the existing fuel infrastructure, distribution emissions are 

estimated using the fossil-fuel distribution datasets provided in the GaBi ThinkStep 

database (PE International, 2014). Ethanol distribution emissions are also estimated using 

the GaBi ThinkStep data. For the non-fuel bioproduct outputs that displace conventional 

products, it is assumed that downstream use and end-of-life emissions are equivalent to 

that of the conventional products, therefore netting each other out in their comparison.  

 

 
3.4.2 Economic Parameters 
 

3.4.2.1 RINs 
 

To calculate the number of RIN credits potentially received for each unit of 

qualifying biofuel, the equivalence value of the fuels is used, which is defined as the 

number of RINs per gallon of fuel and determined based on the relative energy content of 

each biofuel type compared to ethanol (Christensen, et al., 2014). The equivalence value 

of the IPK fuel is 1.6 (at a density of 2.839 kg/gallon), therefore, 511.3 RINs per ton of 

IPK is possible. For bio-gasoline, the equivalence value is 1.45 RINs per gallon, which 

results in approximately 464 RINs per ton bio-gasoline (at 2.835 kg/gal). For ethanol, the 
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equivalence value is 1, resulting in approximately 303.7 RINs per ton ethanol (at 2.987 

kg/gal). 

 
3.4.2.2 Market Prices 
 

Market price and cost information for co-product outputs and variable inputs 

signal to operations managers what to produce and in what quantities. Price/cost 

estimates are based on public, proprietary and personal communication sources. Biofuel 

(i.e. IPK, bio-gasoline and ethanol) prices are estimated based on the monthly average 

spot prices for their respective fossil fuel counterparts, assuming price competitiveness 

(IATA, 2013). Biofuel prices are combined with the RIN prices to reflect the total 

expected value and market signal to produce each of the biofuel outputs, as 

manufacturers currently operate under the assumption that fuels (once certified) maintain 

a relatively stable environmental performance across co-product outputs, as allowed 

through current regulation (EPA, 2016b; EPA, 2016). While most non-fuel co-product 

outputs have specific pricing information to be based on, prices for bio-based paraxylene 

were estimated based on an assumed price premium for biochemicals compared to 

conventional chemicals, at approximately 17.5 percent above conventional prices (ICIS, 

2012). Table B.2 and B.3 provides further pricing assumptions for product outputs and 

inputs.  

To simulate market dynamics and uncertainty in market price conditions, 100,000 

market price/cost scenarios were generated through random selection of different pricing 

combinations from a set of discrete market price/cost possibilities for each output and 

variable input. Each output/input set of pricing possibilities was determined through 

incrementally increasing and decreasing average prices to the maximum level of 

variability, as determined through historical price analysis to the extent supported by the 

availability of such data, which is also described in table B.2 and B.3. Due to the 

uncertain nature of future prices, however, this study allowed the set of pricing 

possibilities to vary an additional increment above and below the maximum level of 

historical variability to be included in the random selection. Because jet fuel, gasoline, 

and ethanol prices are well correlated, some combinations of prices may not be 

representative of those likely to be seen under real-world market conditions. Therefore, 
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the random pricing selection for these fuel outputs are constrained based on the computed 

maximum dollar quantity that individual fuel prices can exceed the prices for the 

correlated fuel (see figure B.1).  The effect of natural gas prices on electricity prices is 

statistically weak; as such, the electricity pricing scenarios are not constrained to natural 

gas prices (Mohammadi, 2009). Additionally, although in previous years, the correlation 

between natural gas and crude oil prices was more strongly correlated, since 2008, the 

correlation has been very weak (see figure B.2), consequently fuel prices are not 

constrained to natural gas prices or vice versa. The final distribution of prices for each of 

the co-products and variable input options is illustrated in figures B.3 and B.4. The 

100,000 market price/cost scenarios are assessed across 13 different minimum levels of 

jet fuel production (see table B.4), resulting in a total of 1.3 million individual market 

scenarios/product constraint combinations assessed for economic and environmental 

performance.  

The following sections describe the results of the economic optimization and life 

cycle assessment scenarios, the implications on meeting policy targets and the effects on 

overall economic performance under a policy structure requiring such dynamic 

assessments for evaluating compliance.   

 
 
3.5 Results 
 

Across all scenarios, the maximized gross profit of the biorefinery can range 

between $10-510 million, although the probabilities associated with those values are very 

low. Most profit scenarios range from $170-400 million; profits on the upper end of the 

spectrum are possible as the constraints on the minimum levels of jet fuel production are 

reduced, allowing greater freedom to produce more of the alternative, competing co-

products. This is illustrated in figure B.5 by the wider range in gross profits that are 

possible under lower minimum production constraints. The revenue and cost distributions 

reveal that higher levels of jet fuel production not only lead to the lowest range in 

revenue but also result in the highest range in costs. The figures further reveal that the 

total biorefinery costs of production are similar across product output combinations, 
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whereas the spread in revenues show significant variability in the gains received with 

different output combinations.  

Figure B.6 shows that the constraints on the minimum production of jet fuel is, for 

the most part, binding, often resulting in no more jet fuel produced than is required to 

fulfill the supply contracts. This is due to the relative profitability of IPK jet fuel 

compared to the alternative competing co-products, across market price/cost scenarios 

and including the expected values of RINs. Figure 3.3 describes sixty different co-

product combinations from five competing co-products that are optimally produced in 

varying frequencies, given each of the market scenario and production constraint 

combinations. The competing co-products represent the product transformation 

possibilities, where producing more of one output means producing less of the other 

outputs. The probability of producing a combination of IPK and IBA, in varying 

proportions across minimum production constraints, is greater than any other 

combination of competing co-products. Figure B.7 further shows the percent of time each 

of the general production processes are used. Processes that exceed 100 percent represent 

two or more sub-processes that are collectively used across all modeled scenarios. For 

example, the IBA fermentation process uses two sub-pathways that are each individually 

used to varying degrees across 100 percent of the market scenarios- one in which both the 

hydrolyzed sugar and SSL streams are fermented, and the other where only the sugar 

stream is fermented to IBA. It is evident from both figure 3.3 and B.7 the product outputs 

and output combinations that are most often produced, including isobutanol, activated 

carbon, jet fuel (due to the supply contracts), and cement dispersant 60 percent mc, and 

the output combinations most seldom produced including paraxylene, cement dispersant 

7 percent mc, and ethanol.  

Figure B.8 shows the corresponding shadow prices on each of the production 

process outputs, indicating the change in gross profits for an additional unit of output 

from each process, holding all else equal. The shadow prices also indicate the additional 

prices that would be required, across varying market price/cost scenarios, to make it 

attractive to produce the outputs of each production process/pathway, which may be met 

through subsidy or additional price premiums. The higher shadow price ranges for 

paraxylene, ethanol, and gasoline compared to isobutanol and jet fuel help explain why 
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there is a lower occurrence of these outputs across market scenarios. Figure B.9 shows 

the shadow prices on the forest residue feedstock supply constraints, indicating the 

change in gross profit for an additional ton of feedstock supplied above its current 

constrained quantity. This range indicates the maximum additional cost that the 

biorefinery could pay for the residue feedstocks before the feedstock becomes 

economically unattractive to use. 

 
Figure 3. 3. Optimal product output combinations of 5 competing co-products (including jet fuel, 
biogasoline, ethanol, paraxylene, and isobutanol) and probability of occurrence across market scenarios 
and minimum production constraints. 

 
 

Regarding the total CO2e emissions generated from the biorefinery, figure B.10 

illustrates that producing greater quantities of jet fuel results in higher ranges of total 

emissions compared to producing other competing product outputs. Although absolute 

emissions are an important metric to take note of, assessing the relative emissions of 

alternative products compared to conventional products is most relevant for evaluating 

the net benefits or burden of alternatives, and for evaluating compliance with emissions 

reduction targets. As such, figure 3.4, 3.5 and 3.6 shows the variation in the ability for 

each of the biofuels to meet the RFS reduction targets across market scenarios, minimum 

production constraints, policy and allocation assumptions.  
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For IPK and biogasoline, the current method of displacement results in significant 

credits attributed to the biofuels, based on the large net reduction in emissions from the 

displacement of conventional non-fuel products. In fact, across all market scenarios and 

constraints tested, both jet fuel and biogasoline meet and significantly exceed the 

cellulosic biofuel category’s 60 percent reduction target, regardless of whether dry or wet 

mass is used for allocating emissions of the multi-product processes. Ethanol outputs 

produced from SSL, on the other hand, are consistently unable to meet the RFS advanced 

biofuel or cellulosic biofuel reduction targets, partly due to the lower energy content of 

ethanol, which requires additional ethanol to be produced to displace an equivalent 

amount of energy from gasoline. While the IPK jet fuel and biogasoline outputs are easily 

able to meet the reduction targets under the current policy context of the RFS (using the 

displacement method), the prospect of meeting the RFS under a future bioproducts policy 

is more tenuous. It is obvious from the figures that under a renewable bioproduct policy, 

where allocated emissions are maintained with the respective outputs, the biofuel GHG 

reduction potentials are substantially more conservative compared to the current policy 

context. For example, although jet fuel outputs are most likely able to meet the 60 percent 

reduction target, the magnitude that it exceeds the target is marginal, most commonly 

reducing about 65-70 percent of conventional kerosene emissions across wet and dry 

mass assumptions. Similarly, with biogasoline, approximately 70-75 percent of GHG 

emissions could be reduced. However, for both IPK and biogasoline, if wet mass 

assumptions are used to allocate emissions, there is some, albeit small, probabilities that 

the fuels will not be able to reduce GHG emissions sufficiently to meet the RFS 50 or 60 

percent reduction targets. The overall probability of not meeting either the cellulosic or 

advanced biofuel GHG reduction targets is illustrated in figure B.11, indicating overall 

low probabilities of occurrence for IPK and biogasoline. Regarding ethanol production 

from SSL, under the allocation-only policy context, outputs result in substantially greater 

emissions than that generated from producing an energy equivalent quantity of fossil 

gasoline. 

Regarding the non-compliance scenarios for the allocation-only context, figure 

3.7 shows the approximate reduction in gross profits that would be generated under a 

policy structure that requires such dynamic assessments for validating compliance. The 
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percent reduction indicates not only the reduction in profits but also the relative value of 

all the non-eligible RIN credits compared to the overall mix of co-products, indicating 

that RINs have a variable importance to the profitability of the biorefinery, contributing 

anywhere from less than 2 to 66 percent of biorefinery gross profits. The variation can be 

explained by the combination in the different quantities and proportions of each of the 

biofuels produced, the variation in the market price and cost scenarios, and whether the 

fuels are able to meet the 50 percent reduction target (but not the 60 percent target) 

resulting still in some RIN revenue. An overall trend is somewhat apparent, however, as 

the minimum IPK production constraints increase from no constraints to a minimum of 

80,000 tons of IPK there is a greater reduction in gross profits, due to the greater portion 

of overall product outputs and profits that is from the combined RIN revenues. IPK 

output levels between 90,000 and 115,000 tons show lower reductions in gross profit 

because the non-compliant portion of ethanol that is produced in these scenarios, and the 

associated RINs, represents a small portion of the overall profit. 
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Figure 3. 4. Probability of Jet Fuel GWP Reduction across market scenarios, minimum production 
constraints and allocation assumptions. 
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Figure 3. 5. Probability of biogasoline GWP Reduction across market scenarios, minimum production 
constraints and allocation assumptions. 
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Figure 3. 6. Probability of ethanol GWP Reduction across market scenarios, minimum production 
constraints and allocation assumptions. 
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Figure 3. 7. Probability distribution of the percent reduction in gross profits for fuels not meeting the RFS 
standard category reduction targets (for allocation using wet mass). 

 
 

Figures B.12-B.14 show the differences in the biofuel GHG reduction potential 

between using dry mass versus wet mass assumptions to allocate emissions. Negative 

values indicate that using dry mass assumptions result in less overall emissions compared 

to using wet mass, leading to greater reductions in GHG emissions compared to 

conventional fossil fuels. Conversely, positive values indicate that wet mass assumptions 
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result in overall less emissions compared to dry mass. The effects of using dry mass 

versus wet mass in the displacement method are highly variable across production 

constraints, market scenarios and product output combinations, as compared to the 

allocation-only method. This variation is explained by the different co-product output 

combinations that are possible across market scenarios and production constraints, which 

lead to differences in the emission credits attributed to the fuels. With the allocation-only 

method, the effects of using dry and wet mass is more consistent across constraints and 

market scenarios because the relative mass proportions of the outputs from the multi-

product processes are consistent, and final emission estimates are not affected by the 

variability in displacement credits.  As expected though, for IPK and biogasoline, using 

dry mass to allocate emissions results in, on average, greater emissions attributed to these 

fuels than using wet mass values. Whereas for ethanol, using dry mass results in, on 

average, lower emissions attributed to the ethanol fuel compared to wet mass being used. 

This inverse relationship between the fuels can be explained by the different water 

contents present in each of the co-product streams from the pretreatment and 

fermentation stages. For example, in fermentation, if wet mass is used to allocate 

impacts, a greater portion of the emissions are attributed to the FRS and SSL stillage 

intermediate product streams due to the large water content present in those streams 

relative to that present in IBA. If dry mass is used, however, the proportion of total mass 

output is more distributed between the outputs, leading to greater impacts attributed to the 

IBA stream (see table B.1).  

Although there is significant variation in the comparative biofuel emissions under 

the current and potential future policy contexts, the emission intensity factors indicated in 

figure B.15 for each of the co-product outputs will be useful under both contexts. Under 

the current RFS-only policy, the emission factors of the non-fuel co-products can be 

subtracted from the emission factors of conventional products to determine the net 

displacement factor for each non-fuel co-product that could be attributed to the biofuel 

outputs. Under the hypothetical, future bioproducts policy context, the co-product 

emission factors will be sufficient for evaluating performance when compared to 

conventional products.  The variation in emission intensities across outputs are largely 
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due to the different types/quantities of inputs and production pathways optimally chosen 

to maximize gross profits across market scenarios.  

 The results of the case study show that the current RFS-only policy’s use of the 

displacement method produces significantly negative overall emissions attributed to the 

production of the IPK and biogasoline outputs. Therefore, production managers in this 

biorefinery can more freely respond to changes in market conditions without much 

danger of failing to meet the standards. However, under other biorefinery systems, it is 

possible that some co-products may result in emission debits, which could introduce even 

greater variation in reduction potentials and could potentially result in more serious 

consequences for meeting the reduction standards. Additionally, because of the real 

possibility of a future bioproducts policy having similar GHG reduction requirements for 

all bioproducts, and the consequential greater likelihood for the biofuels to potentially not 

meet the RFS policy reduction targets, it is prudent to understand the ramifications of 

production decisions to manage the outputs accordingly. The pareto optimal efficiency 

frontier can help to clarify potential trade-offs in economic benefit versus GHG emissions 

outputs, providing production managers insights into what supply contracts/and 

corresponding constraints on production may be optimal. Figures B.16-B.19 shows that 

the highest range in profits, and the greatest reductions in GHG emissions for both IPK 

and biogasoline, occur as the constraints on jet fuel production are reduced, across both 

wet and dry mass assumptions. The figures further illustrate the effects of not meeting the 

RFS reduction targets on the gross profits (for figures B.17 and B.20), showing an 

inefficient use of resources as compared to those that do meet the standards. Looking at 

the biorefinery overall, figure B.16 shows that as minimum IPK production constraints 

are lowered, the highest ranges of gross profits and the lowest ranges in total biorefinery 

impacts are achievable. 

 
 
3.6 Discussion 
 

The results of this study show that there can be significant variability in the co-

product outputs of flexibly operated biorefineries, as profit maximizing managers 

respond to changes in market price/cost conditions and commitments to supply contracts. 
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The alternative product portfolio outputs across scenarios result in different overall 

quantities of biorefinery emissions, as well as different portions of emissions and 

emission credits allocated to the biofuels. The significant range in GHG reduction 

potential under the displacement method may indicate that the current policy structure for 

evaluating compliance, which assumes relatively stable environmental performance for 

approved biorefinery pathways, may not be sufficient for flexibly operated biorefineries 

for identifying production portfolios that do not meet reduction targets. This may be 

especially true if some non-fuel co-product outputs result in net increases in emissions 

relative to conventional products (Chen, et al., 2016; Stratton, et al., 2011), which may 

result in a greater occurrence of not meeting the reduction standards under the current 

policy context than is demonstrated in the case study.   

Despite IPK jet fuel and biogasoline outputs being able to meet the advanced and 

cellulosic biofuel reduction targets under both the current and hypothetical future policy/ 

allocation contexts, the significant differences in the GHG reduction potentials between 

the two policy scenarios is nonetheless concerning. The results show that the margin the 

IPK and biogasoline exceeds the GHG reduction targets is small under the allocation-

only policy. This allows for the possibility of other biofuel products (produced from 

alternative feedstocks or pathways) to miss the targets entirely under such a context while 

appearing to significantly reduce emissions under the current policy of using the 

displacement method. This may especially be the case for pathways using agricultural 

crop-based feedstocks, which require greater intensity of inputs and corresponding 

emissions per unit of output compared to forest residue feedstocks (Chen, et al., 2016). 

While the renewable fuels standard is the only U.S. standard currently requiring proof of 

reduced life cycle GHG emissions, there are voluntary standards and the possibility for 

future policy that may require similar demonstrations of reduced life cycle GHG 

emissions for non-fuel co-products. Consequently, it is important to understand how such 

policies may affect compliance, especially under dynamic market conditions, so that both 

policy makers and production managers may plan for avoiding non-compliant pathways. 

As such, the results of this analysis would make clear to production managers to avoid 

producing specific quantities and combinations of fuel and non-fuel co-products.  
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Regarding the mass allocation assumptions, the choice between using dry mass 

versus wet mass for allocating impacts of multi-product processes can, in some cases, 

significantly affect GHG reduction potentials across product outputs. It therefore may be 

prudent for EPA biofuel LCA guidance to standardize whether to use wet or dry mass 

assumptions in order to maximize the comparability of biofuel life cycle assessments.  

Although this study was able to assess a significant amount of uncertainty through 

extensive sensitivity analyses examining the combinations of scenarios around market 

conditions, production constraints, policy contexts, and mass allocation assumptions, 

there are still additional areas of uncertainty that remain unassessed. For example, 

although IPK outputs are constrained by several levels of minimum production, other 

production/supply constraints, including the maximum production constraints on IBA and 

char, have been held fixed despite the uncertainty in those values. Additionally, there is 

substantial uncertainty in the estimated material and energy inputs and outputs of several 

important production stages, including the fermentation, fuel conversion, carbonization 

and activation processes. The initially combined fermentation and fuel conversion 

process data was disaggregated using data from laboratory experiments that was scaled to 

the biorefinery’s level of output. Similarly, data from small-batch laboratory 

demonstrations using FRS for carbonization and activation was also scaled to the 

biorefinery’s level of output. Its common, however, that as the processes actually scale 

from laboratory to commercial production, there may be a drop or increase in efficiency, 

which may under or over-estimate material and energy requirements, and potentially 

affect the preferability of producing the respective outputs. In addition to this input-

output uncertainty, there is also the uncertainty associated with the emission factors used 

to characterize the impacts of production across outputs. Additional sensitivity analyses 

could help to understand how production outputs and corresponding allocated emissions 

may be affected by alternative assumptions related to these additional areas of 

uncertainty. 

Regarding the price and cost parameter combinations, a Monte Carlo uncertainty 

analysis would improve the value of such dynamic market assessments to production 

managers and policy makers because it could help to more precisely characterize the 

likelihood of different portfolio mixes, and therefore the likelihood of different emissions 
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outputs. However, this study was limited to an extensive sensitivity analysis using 

uniform distributions of price and costs, because data allowing for characterization of the 

probability distributions across product outputs and inputs were unavailable. Nonetheless, 

this would likely be a fruitful area for future research for evaluating the projected 

likelihood of environmental performance and compliance, as data becomes available. In 

addition, although the results of this study provide important insights into the potential 

implications on biofuel compliance from different policy contexts, production 

environments and allocation assumptions, future research should also assess additional 

production pathways using different feedstocks and producing different co-product 

outputs. This will help expand our understanding of the broader implications of portfolio 

dynamics across biofuel production pathways.  

3.7 Acknowledgements 
 

The author acknowledges the technical contributions of Allan Gao, Tom Spink, Scott 

Geleynse, Xiao Zhang and Manuel Garcia-Perez and other members of the Northwest 

Advanced Renewables Alliance (NARA) who supplied much of the necessary data 

required for this study. This study was funded by the Agriculture and Food Research 

Initiative Competitive Grant No. 2011-68005-30416 from the USDA National Institute of 

Food and Agriculture.  

 

 

 

 

 

 

 

 

 

 

 

 



	
	

69 

Chapter 4 

Spatial Life Cycle Assessment Methods 
for Green Supply Chain Management: A 
Case Study on the U.S. Pork Industry 
 

 

Green supply chain management (GSCM) efforts are often hindered by having 

limited visibility beyond tier 1 suppliers and having environmental information only 

available at the national scale. Due to the heterogeneity of management practices and 

environmental conditions that cause significant differences in environmental impacts 

across the supply chain landscape, particularly in agricultural supply chains, spatially 

explicit environmental information at a more granular scale than the typical national 

level is essential. However, such spatial analyses are resource and time intensive due to 

the significant amount of data necessary for such an assessment.  To reduce the costs of 

spatial LCA’s, streamlined spatial assessment methods that focus on the hotspots of 

supply chains are proposed. In conjunction with newly available inter-regional 

commodity flow information, these streamlined spatial LCA methods are demonstrated 

for the U.S. pork industry, allowing for company-specific, spatially explicit supply chain 

environmental impacts to be estimated. The supply chain hotspots spatially analyzed at 

the county scale include fertilizer manufacturing, on-field N2O emissions and irrigation 

in corn feed production, manure management in swine production, and electricity usage 

in pork processing. Company-specific sourcing locations are prioritized for GSCM 

engagement resources across supply chain stages based on a ranking system considering 

two metrics - total impacts and impact intensity. Substantial variation across company 

supply chains and across supply chain stages highlights the value of streamlined spatial 

methods for better prioritizing GSCM resources. Aggregating GHG emissions across all 

U.S. pork companies allows for a first-ever bottom-up assessment of total U.S. pork 

industry impacts.  
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4.1 Introduction 
 

Agricultural activities have been widely recognized as significant sources of 

environmental burden, particularly concerning contributions to greenhouse gas emissions, 

impaired water quality, water depletion, and biodiversity loss (Garnett, 2011; Foley, et 

al., 2011; Schaible & Aillery, 2012). It is estimated that direct agricultural emissions and 

inputs to agriculture account for approximately 30 percent of global greenhouse gas 

(GHG) emissions, and is responsible for about 80 to 90 percent of consumptive water 

loss (Garnett, 2011; Foley, et al., 2011; Schaible & Aillery, 2012). Consequently, 

agriculture has been identified as a significant hotspot in many supply chains along many 

categories of impact. Green supply chain management (GSCM) efforts have attempted to 

improve the impacts associated with this important stage in the supply chain; for 

example, the largest pork producer in the U.S. has engaged with approximately 200 

growers in their supply region, affecting the farm management practices on more than 

75,000 acres (Monast, 2016). Efforts can be significantly hindered, however, due to 

severe informational deficits. In many supply chains, agricultural production is frequently 

separated from downstream consumer product suppliers by several tiers of intermediate 

suppliers, and due to the lack of visibility beyond tier 1 suppliers, consumer-facing 

organizations have had difficulty identifying which suppliers to target engagement efforts 

and resources to improve upstream supply chain impacts. Inter-regional commodity flow 

(ICF) trade models, however, such as those using cost minimization or impedance 

factors, can be a way to estimate supply-demand networks, allowing for greater visibility 

into complex supply chains by linking firms to specific sourcing locations (Smith, et al., 

2016; Yang & Heijungs, 2016). Such data has recently become available for the meat 

processing and ethanol industries regarding the movement of corn and livestock from 

county production locations to processing locations (Smith, et al., 2016).  

Although linking firms to the specific sourcing locations in which agricultural 

activities occur removes a significant informational barrier and is a necessary first step in 

prioritizing GSCM engagement resources, the next critical barrier is understanding the 

distribution and relative contribution of environmental impacts across the unique supply 

chain network. Such information will allow managers to identify and better prioritize 

resources toward the improvement of highly impactful suppliers across different supply 
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chain stages. Currently, however, most environmental information is averaged at the 

national level, which may help managers understand the average contribution of each 

supply chain stage to overall impacts, but it does not illuminate the variability of impacts 

across suppliers in each stage. This is particularly problematic when environmental 

impacts are highly variable across sub-national supply networks (Yang & Heijungs, 

2016). Indeed, many studies have advocated for more spatially explicit environmental 

information, particularly for agricultural production systems and electricity production 

due to the significant heterogeneity of management practices, growing conditions and 

fuel mixes used across the sub-national supply landscape (Hellweg & Canals, 2014; 

Rodriguez, et al., 2014; Nitschelm, et al., 2016; Dresen & Jandewerth, 2012; Liska, et al., 

2009). A few studies have conducted spatial assessments at the regional or state level; for 

example, Liska et al (2009) conducted a state-level assessment of corn farming and found 

that greenhouse gas impacts regionally varied between 37 and 65 percent of corn ethanol 

systems. Significant heterogeneity also exists, however, at the sub-state level due to 

variations in the biogeochemical characteristics of the land and differences in 

management practices (Rodriguez, et al., 2014; Liska, et al., 2009), so matching the scale 

at which sourcing location information is provided is important to adequately capture and 

reflect these differences. Environmental assessments at the sub-national and sub-state 

level are often scarce to non-existent, due to the significant data requirements, time and 

costs required to conduct such assessments. Streamlined life cycle assessment methods, 

which focus detailed process-based analyses on the hotspot drivers of impact (Pelton & 

Smith, 2015; Huang, et al., 2009; Bala, et al., 2010), can be a practical strategy to reduce 

the barriers to conducting these spatial assessments, allowing GSCM decisions to be 

better informed around key areas of impact.  

This essay significantly contributes to the GSCM and LCA literature by 

demonstrating such streamlined spatial LCA methods in the context of the 2012 U.S. 

pork industry, as supported by the recently available information estimating the pork 

industries unique county-level supply and demand network for each U.S. pork company 

(Smith et al. 2016). The resulting bottom-up environmental assessment of each U.S. pork 

company’s supply network also provides a first-of-its-kind aggregate estimate of the 

entire U.S. pork industry, where the variability in impacts across companies is captured. 
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Based on the assumption that larger companies with greater market pull likely have 

greater influence over supplier practices, particular emphasis is placed on the top 5 pork 

producing companies (as of 2012), representing over 70 percent of the U.S. pork market, 

see table 4.1 (Tyson Foods, 2013). The resulting environmental impact profiles provide a 

baseline distribution of impacts across key supply chain stages and county suppliers, 

which can help inform managers about company-specific exposure to various risks along 

the supply chain and determine where best to prioritize resources for improvement. I 

begin by first describing the general methods used for conducting a company-specific, 

streamlined spatial LCA in the context of the pork industry, although the methods may be 

applied to any industry of interest. The details of the spatial methods used to characterize 

the baseline county supplier impacts are then described, after which the company-specific 

baseline results are presented and recommendations for initial areas for prioritization are 

provided.     
 

Table 4. 1 Market share for the top U.S. pork producers in 2012 (Tyson Foods, 2013).  

2012 U.S.  
Pork Producers  Market Share 

Smithfield 26% 
Tyson 17% 
JBS 11% 
Cargill 9% 
Hormel Foods 8% 
Total Industry 
Market Share 71% 

 

 

4.2 Methods 
 

Although several environmental impact categories are relevant for pork 

production, this study focuses on the global warming potential (GWP, CO2e) impacts due 

to the increased interest among some producers in managing these impacts relative to 

other categories (EPA, 2010a; USDA, 2016). Accordingly, a national assessment of pork 

meat reveals that the main contributors to GWP emissions include life cycle emissions 

from corn and dried distiller grain with solubles (DDGS) in feed, manure management in 
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livestock production, and to a lesser extent, electricity in pork processing, see figure C.1. 

Together, these hotspot areas of the pork supply chain contribute almost 80 percent of 

total cradle-to-gate greenhouse gas emissions impacts and just over 60 percent of total 

cradle-to-grave emissions (Thoma, et al., 2011). Due to the significant heterogeneity of 

management practices, growing conditions, and fuel mixes used across corn and livestock 

producers and electricity generators, these significant hotspot areas are also likely to 

contain substantial variability in emissions, making it even more important to 

characterize these impacts at greater spatial resolution (Yang & Heijungs, 2016). 

Consequently, these hotspot contributors serve as the focal areas for the spatial 

assessment.  

To estimate the company-specific supply network impacts, the impacts per unit of 

supply must first be determined. The functional unit for county corn producers, DDGS 

producers, hog producers and electric utility providers is, respectively, a bushel of corn, a 

pound of DDGS, a finished hog, and a Mwh. A finished hog refers to the ultimate weight 

specification for each hog entering the processing facilities (assumed to be a constant 268 

lbs.). These impacts per unit of supply can then be connected to individual companies via 

the ICF trade model’s estimation of the quantity of materials supplied from each location 

to each demand location to satisfy a company’s total demand, assuming cost-

minimization is the objective (Smith, et al., 2016). The trade model is based on publicly 

available data representing the 2012 supply and demand landscape for corn and livestock, 

derived particularly from data provided by the USDA Census of Agriculture and 

Economic Research Service. As equation 1 suggests below, the impacts associated with 

each spatially modeled supply location are multiplied by the quantity demanded from 

each supply chain stage to satisfy total facility demand. Summing across each supply 

chain stage and across each processing facility owned by each company results in the 

total environmental impacts of company-specific supply networks. These spatially 

explicit hotspot impacts can also be combined with national average impacts from the 

non-spatialized life cycle stages, supplied through literature or commercial databases, to 

provide an organizational estimate of total impacts.  
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)Ñ = 	 ()[3Ü	×	\[Üu) + )1Üu×	\àu + ()Jwu×	\=u)

uâ

 

(1) 
I = Environmental Impact (kg CO2e/finished hog processed) 
IC = Corn production environmental impacts (kg CO2e/bu) 
IM = Manure management environmental impacts (kg CO2e/finished hog) 
IP = Electricity in processing environmental impacts (kg CO2e/Mwh) 
XC = Corn demand (bu) 
XL = Livestock demand (finished hogs) 
XE = Electricity demand (Mwh) 
i = county corn supplier i 
j = county livestock supplier j 
e = electricity supplier e  
f = facility demander f 
c = consumer facing company c 
 

Departing from many of the existing LCAs on meat production, which base 

results on outdated estimates of the different greenhouse gas global warming potentials 

(GWP), this study uses the most recent, state-of-the-science estimates of GWPs provided 

by the IPCC 5th assessment report. The report provides two sets of GWP values; a set that 

considers climate-carbon feedbacks, and a set without climate-carbon feedbacks. This 

study uses the more conservative set that considers climate carbon feedbacks as it 

increases the consistency in methodology used across GHGs, however, there is 

considerable uncertainty associated with these estimates (IPCC, 2014; Trottier, 2015). In 

addition, a distinction between fossil methane versus biogenic methane is made, where 

manure methane emissions use the biogenic factors. See table C.1 in appendix C for 

specific GWP values.   

 

4.2.1 Corn Production 
 

Corn grain and DDGS compose between 65 and 80 percent of the total feed mass 

for hogs (Klasing, 2012), and contributes an estimated 85 percent to the total GWP 

impacts of feed (Thoma, et al., 2011). Several material and energy inputs are used to 

produce corn, which can vary significantly across production locations. A national 

average LCA on corn reveals that nitrogen-based fertilizer application contributes to over 

half of all corn GHG impacts, due almost equally to the upstream manufacturing 
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emissions and the on-field nitrous oxide emissions that result after application (see figure 

C.2). 

 

4.2.1.1 Fertilizer Manufacturing Emissions 
 

The spatial impacts of nitrogen fertilization on corn fields are expected to be 

highly variable, based on the specific types of nitrogen fertilizer applied, the quantity 

applied, and the specific characteristics of the land in which it is applied. Regarding the 

type of fertilizer applied, there exists substantial variation in the manufacturing impacts 

across different nitrogen fertilizers types; for example, potassium nitrate fertilizers result 

in an upstream impact of 16 kg CO2e per kg N applied, whereas ammonium sulfate 

fertilizers result in 1.6 kg CO2e per kg N applied, see figure C.3. The manufacturing 

emissions associated with each fertilizer type are based on national average emission 

factors, as provided by commercial databases such as EcoInvent and GaBi thinkstep 

(Ecoinvent, 2012; PE International, 2014), since more granular information is 

unavailable. The 2011 National Emissions Inventory (NEI) data helps to capture this 

spatial variability by providing county level information on agricultural ammonia 

emissions across different fertilizer types, allowing for an estimate of the distribution of 

nitrogen fertilizer types used across counties (EPA, 2011). Although the distributions are 

based on the total quantity of fertilizers applied in each county across all N receiving crop 

types, it is assumed that the distribution reasonably represents the fertilizer types used in 

corn production.  

The emissions associated with each of the fertilizer types are scaled based on the 

quantity of N applied per acre, which is known to vary significantly between locations 

due to cost considerations and soil characteristics (AAPFCO, 2012; NASS, 2015; NRCS, 

2015). This study estimates this variability across corn producing counties by using an 

interpolated estimate of total annual N used across all crops in a county and apportioning 

to corn production based on the proportion of corn planted acres receiving N to total farm 

planted acres receiving N in each county. This method is likely to provide a conservative 

estimate of corn N application rates as it does not take into account the relative 

differences in rates across crop types, where corn production is typically on the higher 

end of the spectrum compared to other crops. The total annual N used across each 
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county’s total farm acreage is based on county average fertilizer sales data for 2007-2012 

provided by the Association of American Plant Food Control (AAPFCO) and is 

interpolated to the proximal locations of N use by weighting the average cropping areas 

within and between counties, which is provided by the Nutrient Use Geographic 

Information System (NuGIS) (Fixen, et al., 2012). Regarding the corn grain planted 

acres, census information at the county-level is currently unavailable, although data on 

harvested corn acres is available. Consequently, county corn planted acres are estimated 

based on summing the existing county corn harvested acres with an estimate of the 

number of corn planted acres that failed, which is determined based on a combination of 

USDA census and survey data. In particular, state-level survey data on the average (2007 

and 2012) number of corn acres planted, corn acres harvested, and corn silage acres 

harvested, are used to determine the average number of corn acres that fail in each state 

(i.e. are not sold as silage or grain, and instead are eligible/claimed for crop insurance). If 

data is unavailable for a state, the U.S. average is instead used. Because USDA survey 

and census data are not harmonized, the state-level estimate of failed corn acres from the 

survey are scaled to the levels of the census based on the proportion of census harvested 

corn acres per state to survey harvested acres. The resulting census-based estimate of 

failed planted acres in each state is allocated to their respective counties based on the 

average (2007 and 2012) percent of harvested corn acres that each county contributes to 

the state total, allowing for a county-level estimate of corn grain planted acres. Regarding 

the total farm planted acres (across all crop types), county-level estimates are also 

provided by NuGIS, which are based on crop production data provided by the USDA 

census (Fixen, et al., 2012). 

Due to a lack of higher resolution data, the USDA state-level survey data on the 

percent of corn acres receiving N fertilizer is applied to the respective counties to 

estimate the portion of N receiving corn grain planted acres in each county. Similarly, 

these state-level estimates, along with estimates for soy, cotton and wheat - together four 

of the most common crops produced in the U.S. (NASS 2016), are used to estimate the 

portion of total farm planted acres receiving N in each county (ERS 2015). More 

specifically, the state-level percent of acres receiving N fertilizer across each of the four 

crop types (and a combined average percent of N fertilized acres proxied for all other 
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crop types) are weighted by the respective percent of acres planted in each county for 

each of the five categories of crops (corn, soy, cotton, wheat, and other crops), resulting 

in the weighted average percent of total farm acres receiving N in each county.  

To ensure consistency with nationally reported data, the resulting county 

estimates of total N usage for corn are scaled to the national average (2007-2010) total 

corn N use, which adjusts the county estimates upwards by approximately 5 percent. The 

scaled total N quantity applied to corn acres in each county is then divided by the total 

harvested corn acres in the county, resulting in a unique county-level estimate of N 

applied per harvested corn grain acre. The resultant distribution illustrated in figure C.4 

in the appendix shows several outliers. Because these unlikely outlier rates may be a 

result of poor underlying data quality for some counties or using fertilizer sales as a 

proxy for actual application, these outliers are removed from the sample by constraining 

the maximum application rate to the 99.7 percentile- approximately 292 pounds per 

harvested acre. In doing so, approximately .77 percent of the total national N is removed 

from the aggregated county estimates, resulting in the cumulative probability distribution 

depicted in figure C.5. Figure 4.1 shows the county level distribution of N fertilizer 

application rates.  

Multiplying the N fertilizer application rates with the percent distribution of 

nitrogen fertilizer types used across counties, and the respective GHG emissions 

associated with each of the fertilizer types, provides a county-level estimate of fertilizer 

manufacturing emissions per acre corn harvested. Dividing this by the average county 

yield (bushel per acre) between 2007 and 2012 (see figure C.5), results in the fertilizer 

GHG emissions per bushel of corn produced (see figure 4.2). Significant variability exists 

across corn producing counties, representing on average about a fourth of total corn grain 

GHG emissions (see figure C.2).  

 

4.2.1.2 On-Field N2O Emissions 
 
While upstream nitrogen fertilizer emissions are a significant component of corn grain 

GHG impacts, the direct and indirect on-field emissions associated with fertilizer use are 

almost equal in magnitude (ANL, 2014), see figure C.2. Direct emissions refer to the 

portion of nitrogen applied that directly volatilizes to N2O. Indirect emissions refer to the 
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portion of N that is volatized to ammonia and converts to N2O through secondary 

reactions, and the portion that is derived from leaching/runoff. Most LCAs use the IPCC 

tier-1 method to calculate direct and indirect emissions, which applies spatially generic 

characterization factors based on the quantity of N fertilizer applied (IPCC, 2006). 

However, the biogeochemical characteristics and management practices of different 

locations significantly affect the quantities of direct and indirect emissions (Ogle, et al., 

2014; Del Grosso, et al., 2006; Eve, et al., 2014). The current study uses direct N2O 

emission rates derived through a combination of process-based biogeophysical models 

and empirically-based scalars vetted by an expert panel (Ogle, et al., 2014). In particular, 

the Denitrification and Decomposition (DNDC) model and DAYCENT model are used to 

estimate corn N2O emissions in land resource regions (LRR) for three categories of soil 

classes including fine, medium and coarse soils, while taking into account spatially 

explicit climatic factors (Ogle, et al., 2014).  The weighted average emission factors are 

then estimated for each state based on the percent of each soil type present in each LRR, 

and for the LRR’s that grow corn, the percent area of each LRR in each state. If state 

level emission factor data is missing, the IPCC tier 1 direct emission factors are used. 

Similarly, because of the uncertainty in process-based estimates of indirect N2O rates, 

indirect N2O emissions are also estimated using the IPCC tier-1 indirect emission factors 

(IPCC 2006). Despite this, variability in indirect N2O emissions will still partially be 

captured due to the differences in N application rates across counties. Table C.2 shows 

the state direct and indirect N2O GHG emission rates estimated per quantity of N applied 

to corn fields. Multiplying these emission factors by the average quantity of N fertilizer 

applied per acre of corn field, and dividing by the average yield results in the average 

GHG emissions from on-field N2O per bushel of corn produced, as depicted together in 

figure 4.3, and individually in figures C.9 and C.10.   
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Figure 4. 1. Fertilizer application rates (lbs. N per acre) across U.S. county corn production. 

 
NA
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Figure 4. 2. Fertilizer manufacturing GHG emissions (kg CO2e per Bu) from U.S. corn production. 

NA
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4.2.1.3 Irrigation Emissions 
 

Although the contribution to corn GHG emissions from irrigation represent a 

relatively small portion of total corn GHG emissions (see figure C.2), there is significant 

variation in irrigation impacts between counties. Some counties heavily irrigate while 

others rely solely on rain-fed sources. This variation is captured using the WATER 

model, which provides county estimates of the average irrigation water quantity used 

between 1998-2008 for corn production in the U.S., as determined through the purpose-

based allocation method (Chiu & Wu, 2012), see figure C.11. Combining these estimates 

with U.S. irrigation CO2e emission factors provides county-level estimates of irrigation 

induced GHG emissions and dividing by the average yield results in the average GHG 

emissions per bushel of corn associated with irrigation practices, see figure 4.4.  

 

4.2.1.4 Other Inputs to corn production 
 

To capture the full impacts of corn production, a static average emission factor 

was applied to capture the additional inputs used in corn farming. The emission factor of 

82.7 kg CO2e/ton corn excludes N fertilizers, N2O emissions and irrigation impacts, and 

includes average quantities of phosphorus, potassium, lime, pesticides/herbicides and fuel 

inputs used to produce a ton of corn (Hsu, et al., 2010). Using the study’s assumed yield 

of 175 bushels per acre, the emission factor is converted to kg CO2e/acre and divided by 

each corn producing county’s yield to provide a county-specific estimate of emissions 

from these other inputs into corn production per bushel of corn supplied from each 

county (figure 4.5).  The combined total GHG emissions of the U.S. corn production are 

illustrated in figure 4.6, showing significant variation across the supply landscape.  
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Figure 4. 3. Total direct and indirect on-field N2O emissions (kg CO2e per Bu). 

 
NANA

County	Corn	On-Field	Total	Nitrous	Oxide	Emissions	(kg	CO2e	per	Bushel) 
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Figure 4. 4. County irrigation emissions (kg CO2e per bushel). 

 
NA
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Figure 4. 5. County Corn Emissions (kg CO2e per bushel) from all other inputs not including nitrogen fertilizer upstream, on-field emissions and 
irrigation emissions. 
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Figure 4. 6. County Total Corn Production Emissions per Bushel (kg CO2e per Bushel). 

NA
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4.2.2 Livestock Production – Manure Management 
 

The emissions generated from manure management represent at least 30 percent 

of pork emissions, primarily from methane emissions, accounting for approximately 75 

percent of CO2e, and to a lesser extent, nitrous oxide emissions, accounting for the 

remaining 25 percent. There are several ways that swine manure is currently managed in 

the United States, including liquid slurry systems, deep pit storage, solid storage, pasture, 

anaerobic lagoons and anaerobic digester systems; each system having a different 

potential to generate methane and release nitrous oxide emissions (see table C.3 for 

description). Figure C.12 shows the estimated distribution of each manure management 

system used in each state (EPA, 2016c).  This study assumes these distributions reflect 

county practices because finer sub-state resolution data on the types of manure 

management systems (MMS) does not currently exist. The distributions are altered, 

however, to account for counties that have documented usage of anaerobic digesters that 

are operational based on information provided by the EPA’s AgSTAR database (EPA, 

2014).  The quantity of methane produced from each management system is highly 

dependent on the surrounding ambient temperatures, which is a function of both space 

and time. In accordance with the IPCC and EPA recommended methods for estimating 

methane emissions, the average ambient temperatures are used (EPA, 2016e; EPA, 

2016c). Figure C.13 in the appendix shows the variation in the relative average ambient 

temperature across counties and table C.7 shows the corresponding methane conversion 

factors for each MMS and temperature combination.  In addition to the type of MMS 

used and the temperature conditions in which the manure is managed, manure methane 

and N2O emissions are also based on a variety of animal specific parameters, including 

the volatile solids and nitrogen excretion rates, and the maximum methane producing 

capacity of the waste (EPA, 2016c). The volatile solids and N excretion rates vary based 

on the typical mass of the hogs, which changes throughout each successive growing 

phase. Table 4.2 shows the estimated total quantity of volatile solids and nitrogen 

excreted throughout each growing phase, and the combined total generated over a hog 

lifetime, which corresponds to approximately 268 pounds of finished hog mass (Thoma, 

et al., 2011; EPA, 2016e). In addition, following best practice methods, this study 
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allocates a portion of the manure emissions generated from breeding sows to each hog 

based on the average number of litters and number of piglets per litter, assumed to be 

approximately 3.5 litters and 9.5 piglets per litter, respectively (Thoma, et al., 2011). Due 

to the lack of data regarding inter-county transport of hogs within different growing 

stages, this study assumes that total lifetime manure is handled in the county in which the 

hog is sold/supplied to the processing facility.  

 
Table 4. 2. Total lifetime volatile solids and nitrogen excretion parameters across growing phases. 

 
1 Allocated to a single each head based on sow average of 3.5 litters with 9.5 heads per litter. 
2 Lifetime kg of volatile solids excreted per head (finished to weight of 268 lbs.). 
3 Lifetime kg of N excreted per head (finished to weight of 268 lbs.). 
 

The total quantity of methane generated per head (kg CH4/finished head) from 

hog manure management in each county, MMC is estimated by equation 2, where TVSC 

represents the total volatile solids generated per finished head (kg/head) in each county, 

MMSC represents the amount of manure handled in each management system (decimal) in 

the county, VSRC represents the volatile solids removed through solids separation 

activities (decimal), MCFMMS,T  is the methane conversion factor (decimal) for each 

manure management system and ambient temperature combination, B is the maximum 

methane production capacity per unit of volatile solid (m3/kg), and D is the density of 

methane, a constant of .662 m3/kg. 

Category
Sow Nursery Grow to Finish

Lifetime
TotalBreeding

Swine
Phase 

1
Phase 

2
Phase 

3
Grower 

1
Grower 

2
Finisher 

1
Finisher 

2
Finisher 

3

Days in period 553 7 14 21 24 23 22 23 24 158

Average Total Animal 
Mass (kg) 198 6 9 17 33 53 74 94 113 122

VS excretion rate (kg/day/ 
1000 kg animal) 2.6 8.8 8.8 8.8 5.4 5.4 5.4 5.4 5.4 na

Total VS (kg/ animal in 
growing period) 284.7 .36 1.1 3.1 4.3 6.6 8.8 11.7 14.7 na

Total VS (kg/finished 
head) 8.61 4.6 46.0 59.22

Nitrogen excretion rate 
(kg/day/ 1000 kg animal) .24 .6 .6 .6 .43 .43 .43 .43 .43 na

Total N excreted 
(kg/animal in growing 
period)

26.3 .03 .08 .21 .34 .53 .70 .93 1.17 na

Total N excreted
(kg/finished animal .791 .32 3.66 4.773
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!!" = 	 %&'"	×	!!'"	×	 1 − &'+" ×	,	×	!-.//0,2	×	3
//0

 

(2) 

 

For non-digester systems, MMSC, represents the total methane emitted from managed 

manure. For anaerobic digester (AD) systems, however, which are designed to capture 

and store manure methane for eventual combustion, the total quantity of methane emitted 

from these systems is based on the leakage rate of the system. More specifically, the total 

methane leakage in the county, MLC (kg CH4) is a function of the collection efficiency 

and destruction efficiency of the digester system, as described by equation 3. The first set 

of terms estimate the total methane gas emissions generated in covered anaerobic 

management systems, where AF represents the adjustment factor of .9, indicating that 

covered anaerobic systems produce about 90 percent of the maximum potential methane 

generated (Powers, et al., 2014). CE represents the methane collection efficiency 

(decimal) of the digester, and DE represents the destruction efficiency of the digester’s 

combustion process, which may vary based on the type of AD system. This study 

considers three types of AD systems, based on the agSTAR data, including complete mix 

systems, plug flow systems, and covered lagoon systems (see table C.4 for associated 

parameters).   The quantity of methane that is collected but not destroyed, and the 

quantity of methane that is not collected represents the portion of emissions that leak 

from these systems.  

 

!4" = 	 %&'"×,×5.×3 × -678× 1 − 3678 + (1 − -678)
78

 

(3) 

 

The methane that is captured in AD systems is either flared (i.e. combusted without 

energy recovery) or is converted to thermal energy and/or electricity typically for use on 

the farm (EPA 2010d). Through combustion, the manure methane is converted to carbon 

dioxide (CO2) which has a significantly lower warming potential than methane and in 
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fact, because the resulting CO2 is of biogenic origin, we consider the emissions to be 

neutral in accordance with the IPCC recommendations (IPCC, 2014).  The manure 

methane recovered for energy generation has the additional benefit of displacing 

conventional electricity or thermal energy generation emissions (EPA, 2010b; EPA, 

2016c). To determine the displacement benefits of energy recovery, ERC, it is first 

necessary to estimate the total quantity of methane that is combusted, as described by the 

first set of terms in equation 4.  EUC represents the percentage of manure methane that is 

used for different energy purposes in each county. The current study accounts for three 

different energy uses, including electricity generation, thermal energy generation 

(assuming displacement of natural gas), and cogeneration (both electricity and thermal 

energy generation) (EPA, 2010b). DEFEU is the displacement emissions factor for the 

displaced conventional energy use (kg CO2e/m3 CH4 utilized), as determined in equation 

5.  

 

6+" = %&'"×,×5.×-6×36 ×6<"×36.=>
=>

 

(4) 

 

36.=> = 6-!=>×-=>×-.?@×6.=> 

(5) 

 

ECMEU is the energy content of the methane or electricity generating potential (MJ/m3, or 

mwh/m3), depending on whether the fuel is used for thermal energy (assuming natural 

gas displacement) or electricity generation. CEU is the efficiency of the boiler or turbine 

system or collective efficiency of the cogeneration system. CFNG is the conversion factor 

for natural gas displacement (m3/MJ) and EFEU is the emission factors per unit of 

displaced electricity and/or natural gas (kg CO2e/Mwh conventional electricity and kg 

CO2e/m3 natural gas). The emissions factor associated with displacing electricity are 

based on the sub-regional non-baseload emission factors in which the county is located, 

as provided by the EPA’s eGRID database (Diem & Quiroz, 2012).  
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In addition to methane emissions, several management systems also produce 

nitrous oxide (N2O) emissions, which may occur directly through conversion of nitrogen 

to N2O, and through indirect conversion via secondary processes involving volatilization 

and leaching of manure nitrogen. Equation 6 estimates the quantity of direct N2O emitted 

in each county, DNC, where the total nitrogen excreted per finished head is represented by 

TNEC (kg/head, see table 2), NR is the total nitrogen removed through solids separation 

(decimal), NCFMMS is the N2O-N conversion factor generated from each manure 

management system (kg N2O-N/kg N, see table C.5), and K is the molar mass ratio of 

N2O to N (44 N2O/28 N2O-N) to convert to total N2O emissions.  

 

3A" = B× %A6"×!!'"×(1 − A+")×A-.//0
//0

 

(6) 

 

Indirect emissions of N2O are estimated in equation 7 based on the portion of 

nitrogen volatilized for each manure management system, VMMS (decimal), and the 

portion of N loss to leaching/runoff from each MMS, LMMS (decimal). The quantity of N 

volatilized and leached is then multiplied by its respective N2O-N emission factor, EFV 

and EFL, see table C.5 and C.6 for parameters (EPA, 2016c). 

 

CA" = B× %A6"×!!'"×(1 − A+") × &//0×6.& + 4//0×6.4
//0

 

(7) 

 

The total manure GHG emissions generated per finished head in each county, MGHGC 

(kg CO2e/head) is equal to the sum of manure methane emissions and direct/indirect N2O 

emissions, multiplied by the respective GWP of each GHG (see equation 8 and table C.1 

in appendix). In addition to direct emissions, the displaced emissions from thermal 

energy and electricity generation are also considered. The resulting unique county-level 

manure management emissions factors are illustrated in figure 4.7. Figures C.14-C.17 in 
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the appendix further illustrate the emission factor variation between GHG emission types, 

as well as the avoided emissions from anaerobic digester biogas use. 

 

!DED" = !!" +!4" ×DFG"HI +	 3A" + CA" ×DFG?JK + 6+"  

(8) 
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Figure 4. 7. GHG emissions from manure management (kg CO2e per finished hog) across county hog producer locations. 

 

NA
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4.2.3 Electricity in Pork Processing 
 

The final hotspot stage and input spatially investigated in the pork supply chain 

relates to electricity emissions in pork processing, as it is the primary driver of impacts 

from direct operations (Thoma, et al., 2011; Castellini, et al., 2012), and can vary 

significantly between counties due to the variation in the emissions profiles of electricity 

generation and supply (Diem & Quiroz, 2012). This variability is captured through the 

EPA’s eGRID data, which provides sub-regional annual average emission factors for 

electricity generated and consumed within 22 different sub-regions (see figure C.18 in 

appendix C, (EPA, 2015a)). Because more detailed data on facility specific electricity 

requirements is unavailable, its assumed that approximately 44.3 kWh per finished hog is 

required for processing (Fritzon & Berntsson, 2006). Due to transmission and distribution 

losses, the eGRID emission estimates are scaled based on the grid loss factors associated 

with each of the sub-regions which correspond to the additional electricity generated to 

satisfy end-user demand (Diem & Quiroz, 2012), resulting in the sub-regional emission 

factors detailed in table C.8. Total facility electricity impacts are determined by the 2012 

total annual processing capacity, as provided by the U.S. EPA Facility Registry Service 

(FRS) data (EPA, 2013). Figure 4.8 shows the total electricity impacts and impacts per 

processed hog for each pork processing facility. 

  

4.2.4. Other Pork Impacts 
 

The supply and demand model provides an estimate of the distance traveled from 

corn producing counties to livestock producing counties, and from livestock producing 

counties to processing facilities. This distance is combined with the estimated mass 

(assuming 56 lbs/bu and 268 lbs per head) that is transported, to determine the kgkm 

traveled for each supply chain stage. Additionally, the transportation emissions associated 

with DDGS supply to livestock counties and allocated upstream emissions from corn 

transport to ethanol facilities is included. The model distinguishes between distance 

traveled by rail versus truck, and applies the corresponding USLCI emission factors for 

diesel powered train and combination truck transport (NREL, 2012).  
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To estimate the total GHG emissions associated with each pork company and the pork 

industry, the spatially explicit emissions from corn production, manure management, 

electricity in processing, and transportation are combined with a U.S. average estimate of 

the other supply chain emissions from the pork supply chain, as provided by the National 

Pork Board LCA (Thoma, et al., 2011). The average emissions associated with the other 

feed types used in hog diets, other inputs used in processing, packaging, retail, and in-

home consumption, resulting in approximately .96 pounds CO2e per 4 ounces of boneless 

pork meat. These emission factors were converted to kg CO2 per finished hog using the 

assumptions that there is approximately .75 pounds of carcass for each pound of live 

weight, and .65 pounds of boneless meat per pound of carcass (Thoma, et al., 2011). This 

results in approximately 230 kg CO2e/finished hog for emissions from stages non-

spatially modeled.   
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Figure 4. 8. Electricity consumption emissions per hog processed across U.S. pork processing 2012 facilities. 
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4.3 Company-Specific Supply Chain Results 
 

 After linking the emission factors associated with corn, livestock and electricity 

supplies, to downstream demand via the cost-minimization ICF transport model and 

eGRID subregion locations (see figures C.26 and C.27 for details), we find that there is 

significant variation across pork processing companies in the total life cycle CO2e 

emissions generated per hog processed. This variation is driven entirely by the unique 

supply networks used to satisfy each company’s demand, as determined by infrastructural 

investments in processing facility locations and the assumption that supply chain logistics 

seek to minimize the total costs of supply. Figure 8 depicts the cumulative spatially 

modeled emissions per finished hog processed across processing companies, showing 

emission factors ranging between 183 to 465 kg CO2e per processed hog. The average 

and weighted average emission factors across companies are approximately 309 and 319 

kg CO2e/hog processed, respectively.  

Additional variation occurs within and across each hotspot stage, where some companies 

may have relatively high emissions from corn suppliers, but relatively low emissions 

from livestock suppliers regarding their manure management. The variance in the manure 

management emission factors across companies is substantial, reflecting the large 

differences in emissions generated from different combinations of manure management 

systems and the different temperature profiles. The variability in the emission factors for 

corn production is also sizable, and is largely driven by the differences in yield outputs, N 

fertilizer types and usage, on-field N2O emissions, and irrigation usage.  

The top five pork producers tend to hover around the industry mean, both in total 

emissions and across spatially modelled supply chain stages. This is likely due to the size 

of the demand from these companies which results in a more diversified supply footprint. 

A larger supply footprint is likely to pull from both high and low emitting producers to 

satisfy the quantity demanded, which tends to smooth out the companies average 

emission factor. This is compared to smaller companies which draw supplies from fewer 

locations that may have high or low associated emissions; this lower diversity in sourcing 

locations results in a more limited ability to smooth emissions and instead produces 
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greater variance across small-sized companies with relatively low levels of demand. 

Figure 4.8 further reveals the relative contribution of emissions across inputs and supply 

chain stages for each U.S. producer. A trend is apparent in that manure management 

emissions seem to drive the majority of emissions across companies, followed by corn 

production, electricity use in processing, and total transport, as is consistent with the 

literature.  

 The cumulative, spatially assessed hotspots represent approximately 56 percent of 

the total cradle-to-grave pork GHG emissions, assuming an average emission factor for 

the other supply chain stages, as discussed above. Across companies, the cumulative 

hotspot emissions can account for between 44 and 67 percent of the total GHG emissions. 

Regarding total cradle-to-gate emissions, however, which represent the portion of total 

emissions that producers are more able to influence compared to downstream emissions 

from retailers and consumer use, the cumulative spatialized hotspots represent on average 

84 percent of the total cradle-to-gate, with a range of 77 to 89 percent across companies. 

Companies are thus able to influence a substantial portion of cradle-to-gate emissions by 

addressing these hotspot areas in their supply chains. Due to resource limitations, 

however, it is necessary to prioritize the most impactful supply chain stages and supplier 

locations, which will vary between companies.  A rating system is used to determine 

where each company should prioritize supply chain engagement resources. Suppliers are 

ranked across stages based on both the total annual emissions and the emission intensity 

(i.e. CO2e per processed hog). The top 20 percent most impactful supply locations are 

assigned a value of 5, the top 60-80 percent are assigned a value of 4, the mid 40-60 

percent a value of 3, the lower 20-40 percent a value of 2, and the bottom 20 percent a 

value of 1. The ranked supplier locations are summed across the total emissions and 

emission intensity metrics, resulting in a ranked scale ranging from 2 to10, from least 

priority to greatest priority.  

 Figure 4.9 shows the top five pork producer’s respective supply network 

priorities, across corn, manure management and processing hotspot stages. These priority 

areas indicate the supplier locations and stages that should take precedence for supply 

chain engagement resources aimed at reducing supply chain impacts.  The figure shows 

that livestock producers’ corresponding manure management emissions should be 
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prioritized for GSCM engagement efforts across each of the five companies, as indicated 

by the red counties. These counties represent locations that supply large quantities of 

product to the respective companies, which scale overall emissions, and represent the 

worst emissions efficiency (kg CO2 per hog) compared to other suppliers in each 

company’s supply network. The underlying metrics driving the priority assessment, in 

terms of the total emissions generated and the emission intensity of each spatially 

modeled supply chain stage for the top five companies are depicted in figures C.19 to 

C.23. These figures further help to illustrate the wide variation in environmental impacts 

associated with these large supply networks, allowing the variation in impacts to be 

smoothed resulting in average emissions intensities resembling the overall industry 

average, as discussed above.  

The wide variation in impacts that exist in the supply networks of individual 

companies provides strong evidence for why such spatial knowledge is necessary to more 

efficiently target supply chain environmental improvement efforts. These results, for 

example, suggest that on average, manure management GHG emissions account for 46 

percent of cradle-to-gate emissions, and 31 percent of cradle-to-grave emissions, with a 

range of 33 to 64 percent and 20 to 46 percent, respectively, across pork producers. The 

path to achieving large emission reductions in these priority areas becomes apparent in 

figure C.6 and C.7, which shows the comparative emissions of different manure 

management systems. As is evident in the figures, significant quantities of emissions 

could be saved if a greater composition of manure was managed in anaerobic digester 

systems, across a variety of digester types and biogas uses. However, to better inform 

such decisions, economic costs would need to be weighed in conjunction with the relative 

benefits of different management systems and biogas uses (e.g. GHG reductions), as well 

as across other prioritized supply chain stages. There are several county corn suppliers 

that rank relatively high, for example, as indicated by the orange and yellow counties in 

figure 4.9, which may have low cost management options available that lead to 

comparatively large GHG reductions. Assessing the eco-efficiencies of alternative 

management options in each prioritized supply location would help to illuminate what 

counties to further prioritize by determining which strategies in each location are most 

effective at reducing impacts at the lowest costs (Pelton, et al., 2016).  
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Combining the inter-regional commodity transport flows with the spatial 

emissions allows not only a bottom-up, company-specific estimate of environmental 

impacts but also a bottom-up assessment of total industry emissions. Summing each U.S. 

company’s cradle-to-gate and cradle-to-grave impacts results in 46.899 million tons and 

68.736 million tons, respectively, of annual CO2e emissions from the pork industry. 

Figure C.24 shows the pork processing company contribution to the U.S. industry total 

life cycle GHG emissions (kg of CO2e per year). Results show that the top five 

processors contribute almost three quarters of the total industry’s CO2e emissions 

(approximately 73 percent), which tracks well with their combined market share at a 

corresponding 71 to 73 percent. Figure C.25 compares the percent of market share for 

each company to the percent of total industry emissions attributed to each company’s 

operations. These results indicate that, although the total emissions on average track well 

with the percent market share of companies, some companies produce proportionally 

more emissions than would be explained by market share alone, and some produce 

proportionally less. These proportionality differences are instead attributed to the 

variation in the supply networks’ unique combination of spatially explicit emissions. 

Together, figure C.24 and C.25 suggest that if just the top few companies engage in 

supply chain improvement efforts with the most impactful suppliers, as indicated by the 

prioritization assessment, there is huge potential to significantly influence the future 

emissions of the pork industry. Although the prioritization assessment demonstrated in 

this study is based solely on the global warming potential impact category, the method 

can be applied to any alternative impact category, such as water use, water quality and 

human health, or applied to a weighted index combining several impact categories.       

 
 
4.4 Discussion 
 

The results of this streamlined spatial LCA provides companies within the U.S. pork 

processing industry with valuable insight into their company-specific life cycle GHG 

emissions generated from the production and consumption of their pork meat. This 

greater specificity significantly improves the value of environmental assessments, 
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compared to the typically used national average estimates from process-based or input-

output based models, as it lends greater clarity to GSCM decisions and increases overall 

business intelligence about supply chains and exposures to risks.  Such streamlined, 

spatial methods using inter-regional commodity flow information, when applied across 

companies, can also provide bottom up estimates of total industry impacts that may be 

able to achieve greater accuracy compared to top-down approaches by being able to 

capture the large variation in highly heterogeneous supply landscapes, due to differences 

in management practices, environmental conditions and material/energy inputs used 

(Yang & Heijungs, 2016; Yang, 2015).  

Due to the increased granularity of data required for such spatial assessments, however, 

several assumptions are made to overcome data limitations, thus manifesting in sources 

of uncertainty in the emission estimates. The inter-regional commodity transport model, 

for example, is limited in that it does not explicitly account for the grain aggregators in 

the supply chain, which may or may not significantly change supply networks. The 

model also does not account for any trade between livestock producers, which requires 

the environmental assessment to assume that the estimated hog supplying counties are 

also the location that the hogs are raised throughout the different growing phases. This 

means the same manure management system distribution is assumed to be used for each 

growing phase’s respective total volatile solids and nitrogen excretion output. According 

to industry partners, however, this assumption is flawed because hog producers tend to 

specialize in specific growing phases of production, such as farrow-to-wean and wean-to-

finish, where the early growth stages are often transported to alternative locations to 

finish the subsequent growth phases. It is unclear to what extent this inter-growing phase 

transport and inclusion of grain aggregators will affect total manure and corn emissions 

attributed to each company and the industry in total, but due to data limitations, these 

remain fruitful areas for future research to improve the accuracy of supply-demand 

network predictions and emission estimates. Commodity transport models will continue 

to improve and alternative supply networks may take shape, but regardless of the 

transport model used, the underlying spatial data derived in this research for county corn 

production and manure management can provide spatially relevant environmental 

information and strategies to inform any pork supply network configuration. 
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Figure 4. 9. Variation of GWP emissions across U.S. pork processing companies and across supply chain stages. 
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Figure 4. 10. Prioritized counties for green supply chain management. Rank index based on total impacts 
and emissions intensity across supply chain stages for each individual company. 
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To bypass the uncertainty of supply network structures, however, an alternative 

strategy for organizations may be to target the most impactful production locations across 

the entire industry’s supply, as companies can publicly report and take credit for the 

reduced emissions regardless of whether such improvements are directly linked to 

specific company supply chains. Such a strategy may enable organizations to take credit 

for greater emission reductions, dollar for dollar, than if such resources were spent on 

improving company-specific suppliers, which may be overall less impactful (and 

therefore less opportunities for reducing emissions) compared to other supply/production 

locations. Although this strategy may be effective for decreasing the impacts of the 

overall industry and other industries using similar supply inputs, it may not specifically 

address the potential risks of supply disruptions and environmental regulations posed to 

individual company supply chains, which remains an important motivator for 

organizations to engage in sustainability efforts. Additionally, by linking spatial impacts 

to company-specific supply-demand networks, the resulting organizational LCA can 

better support scope 3 reporting, which is increasingly required by many reporting 

platforms, such as CDP. Such reporting platforms are increasingly being used to inform 

investors and other downstream buyers of potential risks to investments, reputation, and 

supply. Future research should compare these alternative engagement strategies, to 

investigate the potential trade-offs in environmental and economic impacts, and potential 

trade-offs to reputation and risks. 

Other areas of uncertainty that have relatively high influence on estimated 

emissions include the county average N fertilizer use estimates and the assumption that 

county manure management practices resemble state-level distributions. The estimated 

average quantity of nitrogen fertilizer used on farmland in each county is based on the 

assumption that fertilizer sales serve as a reasonable proxy for actual consumption. 

However, this may not necessarily be so if substantial quantities are stored for future use. 

Furthermore, using the proportion of corn planted acres receiving N fertilizer to total crop 

planted acres receiving N fertilizer to allocate total county farm N to corn production, is 

limited in that this method does not consider different application rates used for different 

crops. While the resulting distribution across different application rates for corn seems 

reasonable, estimates may be systematically under or over represented in some areas, 
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depending on whether the other grown crop varieties receive on average more or less N 

fertilizer than corn crops. Regarding manure management, due to data limitations at the 

county-level, the state reported distributions are applied across state counties, with county 

adjustments for digester use. It is unclear the extent of variation in manure management 

that occurs at the county-level, and therefore the amount of uncertainty this propagates in 

emission estimates, although we estimate it to be fairly substantial. Collecting manure 

management and fertilizer use information at the county level would be a valuable 

addition to USDA census and survey collection to improve the accuracy of emissions 

accounting and to better target mitigation solutions.   

Despite these limitations, the bottom-up, county-level assessment focused on the 

hotspots of the system can account for an average of 56 and 84 percent of cradle-to-grave 

and cradle-to-gate emissions while capturing a significant portion of variation stemming 

from the alternative management practices and types of material/energy inputs used 

across the supply landscape, and the spatial differences in environmental conditions. 

These company-specific baseline assessments help identify initial areas to prioritize along 

unique supply chain networks, and serve as the base of comparison for assessing the 

benefits or drawbacks of alternative management practices. Characterizing the quantity of 

supply chain CO2e reductions that are possible within and across hotspot stages and 

understanding the economic costs associated with baseline and alternative management 

practices will be crucial areas for future research. This information will further enable the 

ability to spatially optimize across management practices and across supply chain stages 

to maximize reductions in environmental impacts while minimizing the total costs of 

change. Assessing the reduction potential of alternative management practices in the corn 

production stage will need to additionally consider how corn yields may be affected by 

changes in management practices, such as reductions in fertilizers, changes to application 

timing, tillage practices, etc. Because, while a reduction in N fertilizer will reduce the 

total quantity of upstream emissions and associated on-field N2O emissions, a reduction 

in yield may also be a result in some areas, which could cause overall increases or 

minimal changes in the emissions intensity of supply (kg CO2e/bu). Future research 

should consider using biophysical models that couple crop growth simulations accounting 

for spatial differences in environmental conditions and management practices with 
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simulations of denitrification processes to better capture the dynamics and potential 

trade-offs of alternative practices.  

To connect the spatial LCAs of supply bases to specific company supply chains 

requires detailed information on the inter-regional commodity flows linking several tiers 

of supply and demand. Therefore, to apply the methods illustrated herein to other 

commodity groups, additional supply-demand models are required. Such models rely on 

combinations of sub-regional supply and demand data, which, regarding agricultural 

commodities in the U.S., can be derived from USDA census and survey information for a 

variety of agricultural crops and livestock types. Data on processing/manufacturing may 

be found via industry associations. Additional complexity occurs if a significant amount 

of supply is imported from other country production locations, requiring additional data 

and assumptions to characterize production impacts.  However, because a substantial 

amount of the necessary data is publicly available across a wide variety of agricultural 

commodities in the U.S., future research should heavily focus on developing the inter-

regional commodity flow data necessary to conduct such spatial LCAs, initially 

concentrating on particularly impactful commodity groups first. Developing average 

supply chain networks from several years of data and simulation would provide 

additional benefits for improving the generality of emission estimates across years, 

however, the current study is limited in that function. Although emission intensity 

estimates of supply are based on average production practices, the inter-regional 

commodity flows are based on a single year’s supply and demand dynamics.  

To enable consumer facing firms to efficiently and effectively target their supply 

chain improvement efforts, both to begin influencing the sizable impacts from 

agricultural food production and to make such efforts more attractive and practical to 

achieve, it is critical that more spatial LCA information is made available. Although 

significant data, time and costs are required to conduct such assessments, streamlined 

methods focusing on hotspots can help reduce these costs, facilitating a better 

understanding of the key supply chain drivers of impact for better targeting the areas of 

priority. By bridging this information gap, companies will be better equipped to exert 

their market influence on key leverage points in supply chains, through 1) increased 

targeting of environmental procurement criteria, 2) knowledge sharing of effective 
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mitigation strategies, 3) cost-sharing for strategy implementation, and 4) lobbying state 

and federal governments for increased best management practices. These targeted efforts 

will be able to more efficiently address and reduce the substantial environmental impacts 

associated with upstream activities, which will be particularly necessary for agricultural 

supply chains given the enormous growth projections of 70 percent required to satisfy the 

future population’s food demand in 2050 (FAO, 2009). Reducing human consumptive 

impacts on the environment, particularly regarding climate change, water scarcity, water 

quality, and toxicity, will help reduce the pressures on ecological systems and improve 

the resiliency of communities; it is consequently important that these additional 

categories are also managed alongside climate change metrics. 
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Chapter 5 

Conclusion 
 

This dissertation has illustrated the possibility for increasing the actionability of 

environmental information and its saliency to organizations by considering aspects of 

materiality, comparability and multi-metric dimensionality in the design of methods 

aimed at improving the sustainability of organizations. The modified LCA methods 

presented in each of the operational areas removes barriers for integrating sustainability 

information into core business processes by increasing the clarity for making 

sustainability management decisions and prioritizing resources, and reducing the costs of 

assessment which enable more production/consumption systems to be examined and 

ultimately improved. In doing so, this research significantly expands the sustainable 

operations management literature, with emphasized contributions in the areas of 

environmentally preferable procurement, sustainable manufacturing and green supply 

chain management; each representing key leverage areas for organizations to move the 

sustainability needle forward.  

As demonstrated in the three case studies, hotspot analysis methods focus 

resources on the most material aspects of organizational impacts, such as highly 

impactful product purchases, supply chain stages, production processes and product 

outputs. Scenario and sensitivity analysis approaches can increase the comparability of 

environmental information and robustness in relative environmental performance, where 

inputs, processes and/or outputs are parameterized to reflect differences in management 

or production practices, as well as spatial and temporal differences in environmental and 

economic market conditions. Together, these methods help to reduce the costs and time 

to conduct environmental life cycle assessments yet allow for robust comparisons of 

alternative management options to be made. Assessing scenarios across several metric 

dimensions allows decision makers to consider a broader context that more aptly reflects 

the competing demands and criteria that decision makers must realistically account for, in 

practice. Although each method demonstrated in the case study was designed specifically 

to answer the issues faced in the respective operational areas, the general effect of 
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including these three elements in each methodological design is an overall increased 

efficiency and effectiveness for quantitatively informing organizational sustainability 

decisions. These methods therefore, through each of the respective case studies, provide 

the basis for enhanced decision support tools that will allow decision makers to transition 

from qualitative environmental management system approaches to quantitative 

approaches that lead to measurable sustainability performance. 

In each business function, the methods demonstrated allowed major information 

gaps and sustainability challenges to be overcome. In the first essay, methods enabled 

purchasers to sort through the complexity that exists around the multitude of different 

environmental product options that are available on the marketplace across all the 

different product categories purchased by organizations. Pairing optimization methods 

with streamlined life cycle assessment methods allowed organizations to identify more 

efficient allocation of procurement resources across purchasing departments to maximize 

environmental performance and more effectively achieve science-based sustainability 

objectives. Finally, decision criteria such as eco-efficiency metrics that consider both 

economic and environmental performance, and environmentally weighted impact indices, 

allowed decision-makers to identify, weigh, and minimize trade-offs directly.  

In the second essay, using optimization and scenario analysis techniques help 

manufacturers contend with the speed and dynamism of modern production systems, 

which make incorporating sustainability into production decisions a challenge. The result 

of such assessments help managers identify the most profitable product portfolio outputs 

and input combinations, and any trade-offs in environmental and economic performance 

that may occur across market conditions. Such assessments can also support consumer 

demands on organizations to supply environmental performance information of 

manufactured outputs, enabling organizations to maintain competitiveness under 

additional procurement criteria. Importantly, the results of the assessment reveal the 

possible dynamic nature of manufacturing co-product portfolios, having potential to alter 

sustainability performance conclusions. Thus, the illustrated methods help managers to 

identify future risks to business operations and profitability by providing a better 

understanding of the implications of all technically possible production decisions, and 
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illuminating any constraints on production that may be necessary under different policy 

(governmental or voluntary) compliance scenarios.  

In the third essay, streamlined spatial LCA methods applied to outputs of 

optimized regional trade models enabled greater transparency into company-specific 

supply chain impacts, allowing supply chain managers to understand key drivers of 

upstream organizational impacts. Knowledge of the distribution of impacts across supply 

chain stages and across both supply chain stages and supply locations helped to better 

prioritize limited organizational resources to areas fruitful for both further assessment and 

eventual engagement. Identified priority areas indicate where alternative management 

practices should be further investigated through scenario analysis, and ultimately where 

such practices should be deployed first. Optimization techniques can further help to 

clarify the most cost-effective strategies to be deployed for individual supply locations. 

Importantly, these methods enable organizations to better set and realistically meet 

science-based sustainability targets by providing organization-specific estimates of 

impacts, and eventually estimates of reduction potential, associated with the unique 

spatial distribution of supply chain networks.  

Overall, the methods described in this dissertation 1) enable organizations to 

pragmatically incorporate sustainability information more fully into decisions and 

practices, 2) allow LCA practitioners to deploy sustainability information across a wider 

array of goods and services due to reduced costs of assessment, 3) support the 

prioritization of resources toward high impact areas, 4) help to identify optimal 

management options effective at reducing environmental burdens, 5) help to address 

potential tradeoffs in management practices and decisions, and 6) increase overall 

business intelligence around organizational exposures to operational risks, allowing 

organizations to more fully manage such risks. Although several limitations and areas of 

uncertainty exist within each of the methods, as described in the respective case studies, 

these methods provide a viable path forward for improving sustainability measurement 

systems and decision tools to enable organizations to overcome sustainability challenges 

and information gaps. To further understand the broader implications of the proposed and 

demonstrated methods, future research should focus on expanding the assessments to 

additional industries. Such information could reveal additional nuances for informing 
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best practices, help to further refine the methodologies to address specific industry 

challenges, and help to further generalize the methodologies to better address the 

common challenges faced across industrial and retail applications.  

From a societal perspective, enabling organizations to reduce the environmental 

burdens of production and consumption systems will have wide reaching benefits to 

human and ecological populations locally, regionally and internationally, by reducing the 

risks of various environmental and human health hazards, and supporting the ability for 

organizations to provide economic security for future generations. It is therefore essential 

that environmental assessment approaches, such as those outlined in this dissertation, are 

more widely applied across organizations.
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Table A. 1. Hotspot Scenario Analysis - Procurement Portfolio Optimization methodological steps, 
including example applications from breakfast cereal industry case study.  

 

Method Steps BFC Industry Case Study Details Data Sources

Prioritization

Prioritize environmental impact categories to manage, and
prioritize purchased products based on highest contributing impacts using 
Environmentally Extended Economic Input-Output (EEIO) Models and 
stakeholder interests.

Prioritized Impacts: Global Warming Potential and Water Depletion

Bare et al 2003; 
ReCiPe 2009;
CMU-GDI 2008; 
GEMI 2014

Prioritized Industry Prioritized Product Category

Purchased Electricity Electricity

Grain
Corn
Wheat

Containerboard boxes
Corrugated Board
Paperboard

Plastic packaging
Plastic Bag

Plastic Film

Cleaning compounds Multi-Purpose Cleaner

Hotspot Scenario 
Analysis
(HSA)

Identify life cycle hotspots for prioritized products using EEIO and 
literature, and estimate each hotspots percent contribution to the total 
impacts for each product. 

Prioritized Industry Industry Hotspots

CMU-GDI 2008; 
Huang et al 2009; PE 
2009; Ross and Evans
2002; Franklin 
Associates 2011; Kapur 
et al 2012; Saouter et al 
2002; DeWaele et al 
2004; TSC 2011

Electricity Fuel Inputs

Grain On-farm inputs

Containerboard boxes

Wood harvest/extraction

Paper and paperboard mills

Containerboard box manufacturing

Plastic packaging
Resin manufacturing
Bag manufacturing
Film manufacturing

Cleaning compounds
Soap and detergent manufacturing

Packaging

Construct process-LCA baseline per hotspot for conventional products 
and parameterize LCA for product environmental attributes.

Process-LCA conducted with GaBi LCA software, using commercial databases for process 
inputs, including EcoInvent, PE international data, and USLCI. 

PE 2014; ecoinvent
Centre 2012; USLCI 
2012; Pelton and Smith 
2014

Product environmental attribute examples: wind electricity, organic, recycled content

Compare attribute impact against baseline impact by calculating the 
percent reduction or increment in impacts per hotspot stage, and multiply 
by hotspot percent contribution to total impact. 

Calculations:

(kg CO2e per unit with environmental attributes – baseline kg CO2e per unit) ÷ baseline kg
CO2e per unit. = % reduction or increment from attribute/hotspot

% reduction or increment from attribute x hotspot % contribution to total impact = 
% reduction or increment to product category

Economic 
Characterization

Disaggregate IO industry spend using IO tables for each product. 1 Assumed each product's proportion of total industry output activity (in $) represents the 
proportional spend on each product within an industry.  BEA 2002; BEA 2007

Identify baseline product price per functional unit (e.g. $/kg) for each 
product. 

Conventional product prices identified through various online distributors and manufacturers,
converted to price per unit, and averaged to represent baseline prices.

FEFCO 2012; 
Packaging Price 2013; 
RISI 2014; CIS 2015; 
PlasticsNews 2015; 
SourceSupply 2013; 
USDA 2015; EIA 
2013; Alibaba 2015

Calculate and assign price premiums or discounts to each green product 
scenario2. Apply premium or discount to baseline price per functional 
unit, resulting in the price per unit of the green product.  

Identified product prices and/or cost savings related to the specified environmental attributes.  
Split cost savings between producer and consumer. Compare to baseline product prices to 
calculate percent premium or discount for each attribute and sum together for creating a green 
product scenario2

Johnson et al 2005; 
Kramer et al 2009; 
Aller 2015; Gloy and 
Dooley 2003; Espinoza 
et al 2011; ICIS 2012

Example: Baseline $/kg x 1.05 (i.e. a 5% price premium) = $/kg green product scenario2.

Use baseline spend and baseline price per unit to determine number of 
units required by organization.

Example: Corn Farming $40,549 spend / ($3.55/bu) = 11,422 total bu of product. 
The quantity of each product is assumed to be fixed.

Total Impact 
Characterization

Calculate total environmental impacts for each product category using 
baseline product prices, total product spend, cumulative hotspot impacts 
and estimated percent contribution to total impacts (see table S8 for 
details). 

Calculations: CMU-GDI 2008

Process-LCA baseline cumulative hotspot kg CO2e/kg product ÷ baseline $/kg = kg CO2e/$

Uses sources and 
results from previous 
methodological 
sections

Cumulative hotspot kg CO2e/$  /  Cumulative hotspot % contribution to total impacts = total 
kg CO2e/$ 

Spend per product category x total kg CO2e/$ = total kg CO2e from product

Convert total impact % reductions or increments for each green product 
scenario to actual impacts per million dollars (short tons CO2e/$M). 

Example: 3021 short tons CO2e/$M corrugated board – (Wind electricity 17.5% reduction to 
corrugated board impact x 3021 tons CO2e/$M) = 2492 short tons CO2e/$M corrugated board 
(made with wind electricity). 

Normalization 
and Weighting

(applied only to 
environmental 

index)

Divide product industry impacts per $M by normalization reference for 
each impact category, multiply by weighting factors and sum to create an 
environmental index.

Calculations:
Kim et al 2013; PI 
2010; Frederick 1995; 
Gloria et al 2007;
Seppala 2003

tons CO2e/$M ÷ total 7.7712855e9 tons CO2e/year in U.S = normalized impact/$M

Normalized GWP impact/$M x 29% weighting factor = weighted GWP impacts/$M

Weighted GWP impacts /$M + weighted water impacts/$M = Environmental Index/$M

Procurement 
Portfolio 

Optimization

Construct a linear programming model, accounting for all product 
environmental attribute option impacts, prices and total purchasing
category spend to 1) maximize environmental impact reductions subject 
to staying within a fixed budget, or 2) minimize budget spend subject to 
reaching a fixed environmental impact reduction. 

LP optimization results indicate the optimal quantity to be purchased between conventional 
and/or green product options

,
in order to satisfy objectives. 

Uses sources and 
results from previous 
methodological
sections
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Table A. 2. Variability in percent reductions and increments in total product option impact across all product attributes.  

Impact Category 
Reductions and 

Increments in Impacts 
Relative to Baseline 

Purchased 
Electricity 

Grain 
Farming: 

Corn 

Grain 
Farming: 

Wheat 

Corrugated 
Board 

Paper 
Board 

Cleaning 
Compounds 

Plastic 
Bag 

Plastic 
Film 

GWP 

Minimum % change 
from baseline -39% -52% -23% -62% -63% -20% -70% -35% 

Maximum % change 
from baseline -39% 148% 299% 3% 2% 22% 16% 92% 

Water 

Minimum % change 
from baseline -32% -43% -9% -76% -73% -25% -20% -47% 

Maximum % change 
from baseline -32% 194% 371% 0% 0% 4% 0% 129% 

Environmental 
Index 

Minimum % change 
from baseline -37% -45% -14% -63% -65% -19% -61% -28% 

Maximum % change 
from baseline -37% 186% 343% -2% 2% 15% 11% 98% 
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Table A. 3. Selected product options and corresponding product physical units in the three purchasing approaches: baseline, silo and portfolio, under 
the condition of minimizing GWP, water depletion and environmental index impacts subject to budget constraints.  

 
Notes: 
75% RC = 75% Recycled Content 
BT = Biomass Thermal 
CF-CO = Conventional Formulation from coconut oil 
CF-P = Conventional Formulation from petro source 
CFWS = Conventionally Farmed Wheat Substitute 
EE = Electric Efficiency 

GS37-P = GS37 formulation from petro source 
HIH = High Intensity Harvest 
LB-HDPE= large HDPE bucket 
LIH = Low Intensity Harvest 
PB = Petro Based 
PFC = Precision Farmed Corn 
PFCS = Precision Farmed Corn Substitute 

PFW = Precision Farmed Wheat 
R-HDPE = Recycled HDPE 
R-PET = Recycle PET 
TE = Thermal Efficiency 
WE = Wind Electricity 
1: in paper mills 
2: in paperboard manufacturing process 
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Figure A. 1. Sensitivity analysis of different organizational procurement budget scenarios.  

 
 
Scenario 1: Based on the initial departmental budget allocation in the main text, the silo approach 
receives a budget increase of $1000 in each category from the initial value; the portfolio approach 
receives a total organizational budget increase of $8000 from the initial value. Results indicate that 
the portfolio approach is environmentally preferable to the silo approach with incremental budget 
increases of equal magnitude.  
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Scenario 2: Based on the initial departmental budget allocation in the main text, the silo approach 
receives a budget increase of 10% in each category from the initial value; the portfolio approach 
receives a total organizational budget increase of 10% from the initial value. Results indicate that 
the portfolio approach is environmentally preferable to the silo approach with percentage increases 
in budget. 
 
Scenario 3: Based on the portfolio optimization final spend results for each purchasing category 
presented in the main text, the silo approach adopts the optimal portfolio budget allocations prior 
to optimization; the portfolio approach uses the initial organizational budget. The results indicate 
that the environmental performance of the portfolio approach can be achieved by procurement 
managers strategically planning optimal budget allocations across purchasing departments to 
coordinate EPP efforts. 
 
From an economic standpoint, it is tempting to examine an optimization game in which the silo 
and total portfolio spend are minimized and constrained to be equal or less than the baseline level 
of environmental impacts. However, the results of such an optimization would misrepresent the 
potential opportunities of this approach because we have included only a subset of possible 
product options in the procurement choice set (i.e. product options that profess environmental 
preferability or have unknown relative environmental preferability), and have excluded many 
product options that may give a wider distribution of costs to environmental impacts (i.e. lower 
costs, higher environmental impacts). Therefore, the results of such an analysis would likely be 
skewed to over-represent the environmental reductions than would actually be achievable through 
this cost-minimization approach. Furthermore, the procurement function has likely already 
minimized its costs subject to additional performance and functional criteria, so the logical point 
of examination is instead to minimize environmental impacts, as this will be an important 
additional criterion that procurement managers will increasingly be asked to manage. 
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Table A. 4. Eco-efficiency comparison between silo and portfolio procurement approaches against baseline 
eco-efficiency values for different attribute pricing scenarios. 

  

Eco-efficiency improvements represent the percent difference between the baseline eco-efficiency (impact 
per dollar spend) and the optimal eco-efficiencies for the case where purchasing decisions are made by 
purchasing silos versus coordinated purchasing across the portfolio, for GWP, water depletion and an 
environmental performance index. The eco-efficiencies for the silo and portfolio approaches are a result of 
minimizing GWP and/or water depletion subject to maintaining less than or equal to current budget spend. 
Negative values represent improvements in eco-efficiency (i.e. reduced impact per dollar) relative to 
conventional baseline purchases. Discount attributes (D) offer savings relative to baseline costs, while 
premium attributes (P) cost more than conventional prices. D,P (+/-) represents the price per unit explored 
in the sensitivity analysis, where + (or -) represents an increase (or decrease) in price per unit of 20%, 
depending on the position of the triangle. Percentages show changes in eco-efficiencies relative to the 
baseline when optimizing for GWP, water depletion, or the overall environmental index, respectively.  
Percentages shown in parentheses (%) represent changes in eco-efficiencies associated with GWP and 
percentages shown in brackets [%] represent changes in eco-efficiencies associated with water depletion 
when the environmental index is minimized. In some cases, eco-efficiency worsens for one index, either 
GWP or water depletion, which indicates greater environmental burden per dollar spend than the baseline 
impacts per dollar; nevertheless, both the silo and portfolio approaches result in overall lower impacts than 
the baseline.   
 
 
 
 
 
 
 
 
 
 

Attribute Pricing Scenarios Eco-Efficiency Improvement
(Relative to Conventional Eco-Efficiency)

Discount Attributes Premium Attributes Pricing 
Scenario

Impact Categories Silos Portfolio

Baseline 
Discount and 

Premium

GWP -27.5% -37.5%
Water Depletion -23.2% -37.0%
Environmental 

Index
-21.9%

(-23.4%),[-21.7%]
-36.7%

(-33.9%),[-37.0%]

D+ , P+

GWP 0.0% -6.1%
Water Depletion 0.3% -7.4%
Environmental 

Index
1.3%

(1.1%),[1.3%]
-7.3%

(-5.9%),[-7.4%]

D+ , P-

GWP -34.1% -40.0%
Water Depletion -39.8% -42.6%
Environmental 

Index
-38.5%

(-33.1%),[-39.1%]
-41.8%

(-36.5%),[-42.5%]

D- , P+

GWP -27.0% -36.9%
Water Depletion -24.8% -36.1%
Environmental 

Index
-22.9%

(-23.2%),[-22.8%]
-35.8%

(-33.6%),[-36.1%]

D- , P-

GWP -33.3% -40.0%
Water Depletion -39.2% -42.6%
Environmental 

Index
-36.9%

(-31.6%),[-37.6%]
-41.1%

(-35.4%),[-41.8%]
InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

$ $

$$

$ $

$ $

$ $
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Table A. 5. Eco-Efficiency sensitivity analysis for alternative spend and alternative minimum and maximum 
hotspot percentage values.  

 
 
Eco-efficiency improvements represent the percent difference between the baseline eco-efficiency (impact 
per dollar spend) and the optimal eco-efficiencies for the case where purchasing decisions are made by 
purchasing silos versus coordinated purchasing across the portfolio, for GWP, water depletion and an 
environmental performance index. The eco-efficiencies for the silo and portfolio approaches are a result of 
minimizing GWP and/or water depletion subject to maintaining less than or equal to current budget spend. 
Negative values represent improvements in eco-efficiency (i.e. reduced impact per dollar) relative to 
conventional baseline purchases. Minimum and maximum hotspot % value scenarios represent alternative 
total impact characterizations for each product category, and alternative environmental attribute 
performance. Parameter specifics related to each scenario are found in the associated figures indicated. 
Percentages show changes in eco-efficiencies relative to the baseline when optimizing for GWP, water 
depletion, or the overall environmental index, respectively.  Percentages shown in parentheses (%) 
represent changes in eco-efficiencies associated with GWP and percentages shown in brackets [%] 
represent changes in eco-efficiencies associated with water depletion when the environmental index is 
minimized. Both the silo and portfolio approaches result in overall lower impacts than the baseline, 
however, under all parameter scenarios the portfolio approach performs better than the silo approach.   

 
 
 
 
 

 
 
 
 
 
 
 

 

Parameters

Eco-Efficiency Improvement
(Relative to Conventional Eco-Efficiency)

Scenario Impact Categories Silos Portfolio

See Figure S7 and S6 Baseline Spend and 
Hotspot %

GWP -27.5% -37.5%
Water Depletion -23.3% -37.0%
Environmental 

Index
-21.9%

(-23.4%),[-21.7%]
-36.7%

(-33.9%),[-37.0%]

See Figure S7
Alternative Relative 
Spend and Baseline 

Hotspot %

GWP -32.7% -45.0%
Water Depletion -27.8% -47.9%
Environmental 

Index
-19.4%

(-21.4%),[-23.7%]
-46.6%

(-42.8%),[-50.5%]

See Figure S6 Baseline Spend and 
Minimum Hotspot %

GWP -27.4% -36.9%
Water Depletion -16.8% -28.4%
Environmental 

Index
-15.9%

(-23.4%),[-24.6%]
-28.9%

(-33.9%),[-40.0%]

See Figure S6 Baseline Spend and
Maximum Hotspot %

GWP -37.3% -47.2%
Water Depletion -26.6% -40.0%
Environmental 

Index
-25.6%

(-23.4%),[-21.7%]
-40.0%

(-33.9%),[-40.0%]
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Table A. 6. Hotspot Scenario Analysis results and characterization of baseline and attribute prices. 

 
Minimum and maximum hotspot parameter values are determined from EIO and literature sources adjusted 
to cradle-to-gate system boundaries and represent a possible range of hotspot contributions to total impact.  
 
 

GWP Water GWP Water GWP Water

Low Intensity Harvest -9.8% -2.2% -12.4% 0.0% 267.57
High Intensity Harvest 9.4% -2.2% 2.6% 0.0% 270.43
Electric Efficiency -8.7% -5.3% -23.3% -12.1% 268.33
Wind Electricity -28.6% -17.4% -77.0% -40.0% 299.67
Biomass Thermal -54.2% -33.1% -1.3% -0.7% 265.37
75% Recycled Content 4.2% 2.6% -57.2% -29.7% 272.37

Electric Efficiency + Biomass Thermal -62.9% -38.4% -24.6% -12.8% 264.70

Wind Electricity + Biomass Thermal -82.8% -50.5% -78.3% -40.7% 296.03
75% Recycled Content + Electric Efficiency 1.4% -2.7% -75.4% -41.8% 268.07
75% Recycled Content + Wind Electricity -5.0% -14.9% -117.7% -69.8% 303.04
75% Recycled Content  + Biomass Thermal -70.0% -30.5% -58.0% -30.4% 268.74
75% Recycled Content  + Electric Efficiency + Biomass Thermal -72.8% -35.8% -76.3% -42.5% 268.07

75% Recycled Content + Wind Electricity + Biomass Thermal -79.2% -48.0% -118.6% -70.4% 299.41
Electric Efficiency -12.7% -3.1% -10.3% -1.5% 267.25
Thermal Efficiency -15.0% -3.6% -0.3% 0.0% 265.77
Wind Electricity -21.8% -5.2% -34.7% -5.2% 299.67
Electric Efficiency + Thermal Efficiency -27.7% -6.7% -10.6% -1.6% 264.02
Thermal Efficiency + Wind Electricity -36.8% -8.8% -35.0% -5.3% 296.44
Low Intensity Harvest -9.8% 2.2% -12.2% 0.0% 270.56
High Intensity Harvest 9.3% -2.1% 2.8% 0.0% 273.44
Electric Efficiency -9.6% -5.9% -22.4% -11.7% 271.32
Wind Electricity -31.5% -19.2% -74.2% -38.6% 303.01
Biomass Thermal -44.1% -26.9% -1.3% -0.7% 268.33
75% Recycled Content -15.7% -9.6% -57.8% -30.1% 275.83
Electric Efficiency + Biomass Thermal -53.7% -32.8% -23.7% -12.3% 267.65
Wind Electricity + Biomass Thermal -75.6% -46.1% -75.5% -39.2% 299.34
75% Recycled Content + Electric Efficiency -20.4% -15.4% -76.2% -41.7% 271.48
75% Recycled Content + Wind Electricity -31.1% -28.8% -117.8% -68.6% 306.84
75% Recycled Content  + Biomass Thermal -109.4% -36.5% -58.8% -30.7% 272.16
75% Recycled Content  + Electric Efficiency + Biomass Thermal -114.1% -42.4% -77.1% -42.4% 271.48
75% Recycled Content + Wind Electricity + Biomass Thermal -124.8% -55.7% -118.8% -69.3% 303.17
Electric Efficiency -5.7% -1.4% -6.6% -1.0% 270.23
Thermal Efficiency -7.4% -1.8% -0.2% 0.0% 268.74
Wind Electricity -12.3% -3.0% -23.0% -3.5% 303.01
Electric Efficiency + Thermal Efficiency -13.2% -3.2% -6.8% -1.0% 266.97
Thermal Efficiency + Wind Electricity -19.7% -4.7% -23.2% -3.5% 299.74
Conventional formulation (palm kernel oil) 10.7% 5.2% 4.9% 4.0% 18.41
Conventional formulation (coconut oil) -6.8% -3.3% 0.3% 0.2% 18.41
GS37 formulation (petro) 32.3% 15.8% -9.9% -8.1% 12.41
GS37 formulation (palm kernel oil) 44.7% 21.9% -9.6% -7.9% 14.60
GS37 formulation (coconut oil) 24.6% 12.0% -4.4% -3.6% 14.60
Recycled HDPE -36.9% -8.1% -1.0% -0.2% 14.18
Wind Electricity -31.3% -6.9% -90.4% -16.3% 18.07
Electric Efficiency -9.4% -2.1% -27.4% -4.9% 16.20
Large HDPE bucket -21.9% -4.8% -21.7% -3.9% 16.04
Recycled HDPE + Wind Electricity -68.2% -15.0% -91.4% -16.4% 16.03
Recycled HDPE + Electric Efficiency -46.4% -10.2% -28.3% -5.1% 14.16
Large HDPE bucket + Recycled HDPE -50.6% -11.1% -22.6% -4.1% 14.00
Large HDPE bucket + Wind Electricity -46.4% -10.2% -92.5% -16.7% 17.89
Large HDPE bucket  + Electric Efficiency -29.2% -6.4% -43.3% -7.8% 16.03
Large HDPE bucket  + Recycled HDPE  + Wind Electricity -75.1% -16.5% -93.5% -16.8% 15.85
Large HDPE bucket + Recycled HDPE + Electric Efficiency -57.9% -12.7% -44.3% -8.0% 13.99

Electricity Production 100% 100% NA NA NA NA Wind Electricity -39.0% -39.0% -32.0% -32.0% 0.08 0.07 kWh
Conventionally Farmed Wheat Substitute -37.5% -37.5% -37.5% -37.5% 5.26
Precision Farmed Wheat Substitute -51.8% -51.8% -43.1% -43.1% 6.48
Organic Wheat Substitute 148.0% 148.0% 194.2% 194.2% 9.30
Precision Farmed Corn -13.5% -13.5% -5.8% -5.8% 3.71
Organic Corn 22.0% 22.0% 74.2% 74.2% 4.12
Conventionally Farmed Corn Substitute 61.0% 61.0% 60.0% 60.0% 4.23
Precision Farmed Corn Substitute 39.0% 39.0% 50.8% 50.8% 3.71
Organic Corn Substitute 95.0% 95.0% 178.8% 178.8% 9.55
Precision Farmed Wheat -23.0% -23.0% -8.9% -8.9% 6.47
Organic Wheat 299.0% 299.0% 370.8% 370.8% 9.31
Lightweighting 15.8% 15.8% -20.0% -20.0% 4.80
Lightweighting (recycled HDPE) 1.0% 1.0% -20.0% -20.0% 4.23
Recycled HDPE -70.0% -70.0% -0.1% -0.1% 3.98
LDPE 84.3% 49.7% -46.3% -30.1% 2.40
PET 156.2% 92.2% 10.2% 6.6% 2.31
PP 68.6% 40.5% -65.0% -42.2% 2.39
HDPE 56.2% 33.2% -72.2% -46.9% 2.40
Biobased (corn) LDPE 111.8% 65.9% 166.5% 108.2% 2.61
Biobased (corn) PET 77.1% 45.5% 4.1% 2.7% 2.52
Biobased (corn) PP 154.9% 91.4% 189.6% 123.2% 2.60
Biobased (sugar cane) LDPE -39.9% -23.6% 176.0% 114.4% 2.54
Biobased (sugar cane) PET 50.3% 29.7% 29.1% 18.9% 2.46
Biobased (sugar cane) PP -8.5% -5.0% 199.1% 129.4% 2.53
Recycled PET -22.9% -13.5% 0.0% 0.0% 1.86
Recycled HDPE -60.0% -35.4% 0.0% 0.0% 2.09
Electric Efficiency -22.3% -6.5% -26.8% -8.2% 2.33
Wind Electricity -73.8% -21.4% -88.1% -26.9% 2.61
Thermal Efficiency -2.9% -0.8% -0.1% 0.0% 2.31
Thermal Efficiency + Electric Efficiency -25.2% -7.3% -26.9% -7.8% 2.30
Wind Electricity + Thermal Efficiency -76.7% -22.2% -88.2% -25.6% 2.58

Increment/ 
Reduction 
in Hotspot 

Impact

Increment/ 
Reduction 

in Total 
Impact

Corn Grain Farming

Cleaning                 
Compounds

Baseline 
Hotpot % 

Contribution to 
Total Impact

Fiber Mills 52% 53% 62%

Containerboard 
Converting 

Plant
5% 22% 25%24% 15%

Increment/ 
Reduction in 

Hotspot 
Impact

Increment/ 
Reduction 

in Total 
Impact

Wood 
Harvesting/Extr

action
0.01% -46% 10%

Hotspot Stage

0%

Grain FarmingWheat

Plastic Bag Manufacturing

Resin 
Manufacturing

Film 
Manufacturing

Platstic Film

Paperboard

Soap and 
Detergent 

Manufacturing

Soap and 
Detergent 
Packaging

0.01% 10%

61% 69%42%

15%

Product Environmental Attribute(s)

Minimum 
Hotspot % 

Contribution 
to Total 
Impact

Maxiumum 
Hotspot % 

Contribution to 
Total Impact

52%

5%

-46% 0%

53% 62%

22% 25%24% 26%

Fiber Mills

Containerboard 
Converting 

Plant

Wood 
Harvesting/Extr

action
-23%

26%

89%18%49%

22% 12% 29%

-23% 0% 0%

61% 42% 69%

NA NA NA

19%11%18%

89%75%82%

31%1%31%

57% 59%55%

40%19%29%

Corrugated               
Board

3.55

5.51

269

GWP Water

99%30%65%

100% 100% NA NA NA NA

NA

100% NA NA NA NA

100%

100%

100%

4.55

2.34

Bu

Bu

Kg

Kg

Product 
Prices 

with 
Attributes 

($/unit)

Unit

Ton

272 Ton

16.22 Gallon

Baseline 
Product 

Price 
($/unit)
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Table A. 7. Baseline and sensitivity analysis parameters for relative product category spend, impacts per million dollars spend, and the resulting total 
impacts for each product category.  

 
Impacts per million dollars are determined by a combination of cumulative hotspot percentage estimates and baseline unit prices (see table S8 and S6 for 
details), resulting in changes to impact/$M under the minimum and maximum hotspot parameter values. Due to limited accessibility to bill of goods 
information for BFC manufacturers, spend information is instead derived from BEA EIO tables representing average industry economic flows. To 
explore the implications of alternative relative product spend on the performance of the portfolio approach compared to the silo approach, we deviated 
somewhat arbitrarily from the baseline spend simply by switching the product category spend proportions within an industry. For example, within the 
grain industry, corn is given greater spend in the baseline, whereas for the alternative spend scenario, wheat is given greater spend. For product 
categories that do not share an industry, the baseline spend was arbitrarily increased by 10%. In this study, we found electricity to contribute greatest to 
water use across all categories, however we suspect this is partly due to the fact that the LCA models for the other product categories include datasets 
from USLCI which are often limited in characterizing water use, therefore water impacts in these categories are likely systematically underestimated 
compared to electricity, which uses EcoInvent data and is able to capture water impacts well.  
 
 

 

 

 

 

 

 

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

Corn 40549.02 6594.28 2476.62 100.42 839256.70 34031.03 2476.62 16.33 839256.70 5534.29 2476.62 100.42 839256.70 34031.03 2476.62 100.42 839256.70 34031.03

Wheat 6594.28 40549.02 909.25 6.00 130482.37 860.44 909.25 36.87 130482.37 5290.93 909.25 6.00 130482.37 860.44 909.25 6.00 130482.37 860.44

Paperboard 14498.48 52876.80 4143.10 60.07 1985904.19 28792.59 4143.10 219.07 1985904.19 105008.26 4709.10 68.27 2823693.65 40939.26 3695.89 53.58 1374475.46 19927.80

Cardboard 52876.80 14498.48 3021.44 159.76 1316414.97 69607.81 3021.44 43.81 1316414.97 19086.01 3434.21 181.59 1871768.34 98973.12 2695.30 142.52 911111.46 48176.66

Cleaning Compounds 2131.11 2344.23 60.26 0.13 24635.26 52.50 60.26 0.14 24635.26 57.75 139.34 0.30 28608.69 60.97 42.36 0.09 24635.26 52.50

Plastic bag 2501.01 2104.63 1080.51 2.70 179404.72 448.69 1080.51 2.27 179404.72 377.58 1080.51 2.70 179404.72 448.69 1080.51 2.70 179404.72 448.69

Plastic Film 2104.63 2501.01 1350.19 2.84 384205.68 808.61 1350.19 3.38 384205.68 960.90 1579.82 3.32 1178643.89 2480.61 1178.85 2.48 365379.61 768.99

Electricity 7002.23 7702.46 12082.91 84.61 11192216.95 78370.51 12082.91 93.07 11192216.95 86207.56 12082.91 84.61 11192216.95 78370.51 12082.91 84.61 11192216.95 78370.51

Baseline Alternative Spend Minimum Hotspot Parameter Values Maxiumum Hotspot Parameter Values

Product Categories Spend ($)
Alternative 
Spend ($)
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Table A. 8. Total GWP impact characterization for each product category, methods and results.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Baseline Product 
Price ($/unit)

Process-LCA 
Cumulative Hotspot   

Kg CO2e/unit

Cumulative Hotspot 
Kg CO2e/$

Cumulative 
Hotspot % 

Contribution to 
Total Impact

Total Kg 
CO2e/$

Product 
Category 

Spend

Total Kg 
CO2e

A B C = B/A D E=C/D F G = E x F

Corrugated Board Kg 0.297 0.69 2.33 85% 2.74 52876.80 144935
Paperboard Kg 0.300 0.96 3.20 85% 3.76 14498.48 54493

Film Kg 2.34 2.46 1.05 86% 1.22 2104.63 2578
Bag Kg 4.55 4.46 0.98 100% 0.98 2501.01 2452
Corn Kg 0.14 0.31 2.25 100% 2.25 40549.02 91103

Wheat Kg 0.20 0.17 0.82 100% 0.82 6594.28 5439
Electricity kWh 0.07 0.77 11.00 100% 11.00 7002.23 76755

Cleaning Compounds Gal 16.22 0.62 0.04 70% 0.05 2131.11 116

UnitProduct Category
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Table A. 9. Shadow prices on budget constraints and sensitivity of shadow price estimates. 

 

Shadow prices indicate the change in environmental impact when an additional dollar of spend is allocated 
to each product category (in silo approach) and to the portfolio budget (in portfolio approach) (i.e. the 
impact return from additional $ spend).  The shadow prices are a result of the optimal product option 
selections for each additional dollar; the size of the budgetary range for which the shadow prices are 
constant (D) indicates the magnitude for which the optimal product selections are stable, indicating how 
sensitive the selected product results are to perturbations in the original budget allocation. Greater stability 
in product selections likely leads to lower transaction costs associated with supplier transitions. Comparing 
the D’s of the two approaches, the product options selected under the portfolio approach are overall more 
stable than the selections made under the silo approach. A shadow price of zero means that reduction 
opportunities are accessible at a discount, therefore the budget is not restrictive for reducing impacts; thus 
indicating the departments ripe for reallocation of funds. The information gained from an assessment of 
shadow prices further highlights the usefulness of the HSA-PPO approach as a tool for EPP managers. 
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Table A. 10. Shadow prices on the physical unit constraints and sensitivity of shadow price estimates. 

 

Shadow prices indicate the change in environmental impact in each product category (in silo approach) and 
across categories (in portfolio approach) when an additional unit of product is required within each product 
category.  The shadow prices are a result of the optimal products selected for each additional unit 
requirement; the size of the physical unit range for which the shadow price is constant (D) indicates the 
magnitude for which the optimal product selections are stable, indicating how sensitive the selected product 
results are to perturbations in the original physical unit requirements. Comparing the D’s of the two 
approaches, the product options selected under the portfolio approach are overall more stable than the 
selections made under the silo approach.  
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Table A. 11. Containerboard (Corrugated Board and Paperboard) Environmental Attribute Definitions.  

 
 

Table A. 12. Cleaning Compound Environmental Attribute Definitions.  

Hotspot stages Attributes Definitions 
Soaps and 
Detergents 
Manufacturing 

Conventional formulation 
(palm kernel oil) 

Formulation composition (by weight): 
• Palm kernel oil Alcohol Ethoxylate (AE7): 10%; 
• Dipropylene Glycol Monomethyl Ether (DGME): 2.5% 
• Soda powder (Sodium Carbonate): 2.5% 
• Sodium Hydroxide (NaOH): 2.5% 
• Water: 82.5% 

Conventional formulation 
(coconut oil) 

Formulation composition (by weight): 
• Coconut oil Alcohol Ethoxylate (AE7): 10%; 
• Dipropylene Glycol Monomethyl Ether (DGME): 2.5% 
• Soda powder (Sodium Carbonate): 2.5% 
• Sodium Hydroxide (NaOH): 2.5% 
• Water: 82.5% 

GS37 formulation (petro) Formulation composition (by weight): 
• Petro-based Alcohol Ethoxylate (AE7): 11.5%; 
• Starch (Polyglucose): 7.5% 
• Alkylbenzene Sulfonate (linear petrochemical): 3.0% 
• Citric Acid (from starch): 2.5% 
• Water: 75.5% 

GS37 formulation (palm 
kernel oil 

Formulation composition (by weight): 
• Palm kernel oil Alcohol Ethoxylate (AE7): 11.5%; 
• Starch (Polyglucose): 7.5% 
• Alkylbenzene Sulfonate (linear petrochemical): 3.0% 
• Citric Acid (from starch): 2.5% 
• Water: 75.5% 

GS37 formulation (coconut 
oil) 

Formulation composition (by weight): 
• Coconut oil Alcohol Ethoxylate (AE7): 11.5%; 
• Starch (Polyglucose): 7.5% 
• Alkylbenzene Sulfonate (linear petrochemical): 3.0% 
• Citric Acid (from starch): 2.5% 
• Water: 75.5% 

Soaps and 
Detergents 
Packaging 

Large Bucket HDPE bucket can hold 275 gal liquid 
Recycled HDPE Bucket made from 100% recycled HDPE plastic 
Wind Electricity 100% of purchased electricity is generated from wind 

power 
Electric Efficiency 30% increase in electric efficiency (i.e. electricity 

consumption decreases by 30%) 
 

Hotspot stages Attributes Definitions 
Wood Harvesting 
/Extraction 

Low Intensity Harvest Forests are harvested at low intensity (considers 
harvested timber volume relative to the net annual 
increment) 

High Intensity Harvest Forests are harvested at high intensity (considers 
harvested timber volumes relative to the net annual 
increment) 

Paper and Paperboard 
Mills 

Electric Efficiency 30% increase in electric efficiency (i.e. electricity 
consumption decreases by 30%) 

Wind Electricity 100% of purchased electricity is generated from wind 
power 

Biomass Thermal 100% of the thermal energy internally generated from 
fossil sources is substituted with solid biomass 

75% Recycled content 75% (wt) of the board composition is made from post-
consumer recycled fibers 

Containerboard Box 
Manufacturing 

Electric Efficiency 30% increase in electric efficiency (i.e. electricity 
consumption decreases by 30%) 

Thermal Efficiency 30% increase in thermal energy efficiency (i.e. thermal 
energy consumption decreases by 30%) 

Wind Electricity  100% of purchased electricity is generated from wind 
power 
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Table A. 13. Plastic Film Environmental Attribute Definitions.  

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table A. 14. Corn Environmental Attribute Definitions.  

Hotspot Attributes Definition 

Grain Farming  
(captures all upstream impacts) 

Organic Wheat grain substitute 
Wheat are farmed using organic practices (no 
synthetic fertilizers, no herbicides/pesticides) 
is used to substitute corn grain in products 

Precision Farmed Wheat grain 
substitute 

Wheat is farmed using precision agriculture 
technology such as variable rate fertilization 
is used to substitute corn grain in products 

Wheat grain substitute Wheat grain is used to substitute corn grain 
in products 

Precision farmed corn  Corn is farmed using precision agriculture 
technology such as variable rate fertilization  

Organic corn  
Organic corn grain using organic practices 
(no synthetic fertilizers, no 
herbicides/pesticides)  

 
 
 

 

 

 

 

Hotspot stages Attributes Definitions 
Resin 
Manufacturing 

LDPE Low Density Polyethylene resin produced from fossil-fuel 
sources 

PET Polyethylene Terephthalate resin produced from fossil-fuel 
sources 

PP Polypropylene resin produced from fossil-fuel sources 

HDPE High Density Polyethylene resin produced from fossil-fuel 
sources 

Biobased (corn) LDPE Low Density Polyethylene resin (fossil produced ethylene 
replaced with ethylene produced from corn feedstocks) 

Biobased (corn) PET Polyethylene terephthalate resin (fossil produced ethylene glycol 
replaced with ethylene glycol produced from corn feedstock) 

Biobased (corn) PP Polypropylene resin (fossil produced ethylene replaced with 
ethylene produced from corn feedstock) 

Biobased (sugar cane) 
LDPE 

Low Density Polyethylene resin (fossil produced ethylene 
replaced with ethylene produced from sugar cane feedstocks) 

Biobased (sugar cane) 
PET 

Polyethylene terephthalate resin (fossil produced ethylene glycol 
replaced with ethylene glycol produced from sugar cane 
feedstock) 

Biobased (sugar cane) PP Polypropylene resin (fossil produced ethylene replaced with 
ethylene produced from sugar cane feedstock) 

Recycled PET Polyethylene Terephthalate resin produced from post-consumer 
recycled PET 

Recycled HDPE High Density Polyethylene resin produced from post-consumer 
recycled HDPE 

Film 
Manufacturing 

Electric Efficiency 30% increase in electric efficiency (i.e. electricity consumption 
decreases by 30%) 

Wind Electricity 100% of purchased electricity is generated from wind power 
Thermal Efficiency 30% increase in thermal energy efficiency (i.e. thermal energy 

consumption decreases by 30%) 
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Table A. 15. Wheat Environmental Attribute Definitions.  

Hotspot Attributes Definition 

Grain Farming  
(captures all upstream impacts) 

Organic Wheat Wheat are farmed using organic practices (no 
synthetic fertilizers, no herbicides/pesticides) 

Precision Farmed Wheat Wheat is farmed using precision agriculture 
technology to use variable rate fertilization 

Corn grain substitute Corn grain is used to substitute wheat grain in 
products 

Precision farmed corn grain 
substitute 

Precision farmed corn grain using variable 
rate fertilization is used to substitute wheat 
grain in products 

Organic corn grain substitute 

Organic corn grain using organic practices 
(no synthetic fertilizers, no 
herbicides/pesticides) is used to substitute 
wheat grain in products 

 
Table A. 16. Plastic Bag Environmental Attribute Definitions.  

Hotspot Attributes Definitions 
Bag Manufacturing 
(captures all upstream impacts) 

Lightweighting Reinforced plastic bag used in place of paperboard 
Lightweighting (HDPE) Reinforced plastic bag made with recycled HDPE 

resin used in place of paperboard 
Recycled HDPE Plastic bag made with recycled HDPE resin 

 
Table A. 17. Electricity Environmental Attribute Definitions  

Hotspot Attributes Definitions 
Electricity Generation/Supply 
(captures all upstream impacts) 

Wind Electricity 100% of purchased electricity is generated from 
wind power 

 
 

 
Life Cycle Inventories  
 
 
Cleaning Compounds 
 
Baseline Input Assumptions:  
 
Table A. 18. Conventional Multi-Purpose Cleaner (Petrochemical ingredients). 
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1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
 
 
 
 
Environmental Attribute Input Assumptions: 
 
Manufacturing/Formulation Hotspot 
 

Table A. 19. Bio-based Cleaners.  

Parameter Dataset Unit Attribute 
Inventory Amount Source 

Alcohol Ethoxylate 
(AE7) (coconut oil) 

RER: ethoxylated alcohols (AE7), coconut 
oil, at plant [Sufactants (tensides)]1 

Kg/kg 
cleaner 

.100 
Kapur et al 

(2012) Alcohol Ethoxylate 
(AE7) (palm kernel 
oil) 

RER: ethoxylated alcohols (AE7), palm 
kernel oil, at plant [Surfactants (tensides)]1 .100 

1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
 
 
Table A. 20. GS37 Cleaners.  

Parameter Dataset Unit Attribute 
Inventory Amount Source 

Alcohol 
Ethoxylate 
(petrochemical) 

RER: ethoxylated alcohols (AE7), petrochemical, at 
plant [Surfactants (tensides)]1 

Kg/kg 
cleaner 

.115 

Kapur et al 
(2012) 

Alcohol 
Ethoxylate (AE7) 
(coconut oil) 

RER: ethoxylated alcohols (AE7), coconut oil, at 
plant [Surfactants (tensides)]1 .115 

Alcohol 
Ethoxylate (AE7) 
(palm kernel oil) 

RER: ethoxylated alcohols (AE7), palm kernel oil, at 
plant [Surfactants (tensides)]1 .115 

Starch (glucose) US: Starch (Polyglucose)4 .075 
Alkylbenzene 
Sulfonate 

RER: alkylbenzene sulfonate, linear, petrochemical, 
at plant [Surfactants (tesides)]1 .03 

Citric Acid from 
Starch 

US: Citric Acid (from starch)4 

.025 

Tap Water RER: tap water, at user (US electricity)1 .755 + 32 (from 
use phase) 

1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
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Primary Packaging Hotspot 
 
Table A. 21. Large bucket, Recycled Content, Electric Energy Efficiency, Wind Electricity for packaging.

  

Note: Primary packaging input value estimates for conventional cleaning compounds is provided by Dan 
Dagget from Sealed Air Corporation and Stan Mierzejewski from Tennant Company.  
1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net salable product (plastic bag) 
 
 
 
 
Plastic Films 
 
Table A. 22. Plastic Film Baseline Input Assumption.  

Hotspot Life 
Cycle Stage Parameter Dataset Unit 

Baseline 
Inventory 
Amount 

Source 

Resin 
Manufacturing 

LLDPE 
Granulate** 

EU-27: Polyethylene Linear Low 
Density Granulate (LLDPE/PE-LLD)4 

Kg/kg nsp 

1.02 Freedonia 2012 

RNA: Linear Low Density 
Polyethylene resin, at plant3 1.074 Baitz 2014 

DE: Granulator4 1.02 

EcoInvent 2013 Film 
Manufacturing 

Lubricating oil RER: lubricating oil, at plant1 1.071e-4 
Core board RER: core board, at plant1 7.47e-3 

LDPE* RER: polyethylene, LDPE, granulate, 
at plant1 2.19e-3 

PP* RER: polypropylene, granulate, at 
plant1 6.97e-4 

PVC* RER: polyvinylchloride, suspension 
polymerised, at plant1 4.98e-5 

Steam RER: steam, for chemical processes, 
at plant1 5.92e-2 

SBB RER: solid bleached board, SBB, at 
plant1 9.96e-4 
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Disposal 
CH: disposal, plastics, mixture, 
15.3% water, to municipal 
incineration 

2.46e-2 

Packaging Box* RER: packaging box production unit1 

Pcs/kg nsp 1.43e-9 
Flat Pallet RER: EUR-flat pallet1 1.47e-3 

Coal RER: heat, at hard coal industrial 
furnace 1-10 MW1 

MJ/kg nsp 

7.66e-2 

Natural Gas RER: heat, natural gas, at industrial 
furnace >100 kW1 6.13e-1 

Heavy Fuel Oil RER: heat, heavy fuel oil, at 
industrial furnace 1 MW1 1.37e-1 

Electricity US: electricity, medium voltage, at 
grid1 2.43 

Particle board RER: particle board, outdoor use, at 
plant1 M3/kg nsp 2.19e-5 

Water Water (elementary flow) 44.57 

Transport RER: transport, lorry 3.5-16t, fleet 
average1 Tkm/kg nsp 1.2e-2 

*Film extrusion dataset includes the materials (plastics, box, etc.) require to package the plastic film per kg  
**Water impacts taken from EU dataset due to availability of water data. GWP impacts taken from RNA 
dataset.  
1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net saleable product (plastic film) 
 
 
Environmental Attribute Input Assumptions 
 
Film Manufacturing Parameters 
 

Table A. 23. Electric Energy Efficiency (30% reduction in electricity), Wind electricity, Thermal Energy 
Efficiency (30% reduction in thermal energy requirements).  

1 EcoInvent 

Parameter Dataset Unit 

Attribute Inventory Amount 

Source Wind 
Electricity 

Thermal 
Energy 

Efficiency 

Electric 
Energy 

Efficiency 

Electricity US: electricity, medium voltage, at grid1 MJ/kg 
nsp 

0 2.43 1.7 

EcoInvent 
2013 

US: electricity from wind power1 2.43 0 0 

Natural Gas RER: heat, natural gas, at industrial 
furnace >100kW1 .613 .429 .613 

Coal RER: heat, at hard coal industrial furnace 
1-10MW1 7.51e-2 5.37e-2 7.51e-2 

Heavy Fuel 
Oil 

RER: heat, heavy fuel oil, at industrial 
furnace 1 MW1 

1.37e-1 9.57e-2 1.37e-1 

Biomass CH: heat, mixed chips from industry, at 
furnace 1000 kW1 0 0 0 

Water Water (elementary flow) 44.6 44.6 44.6 
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2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net saleable product (plastic film) 
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Resin Manufacturing Hotspot 
Table A. 24. Alternative Fossil Resin types (LDPE, PET, PP, HDPE), Alternative recycled resin types (HDPE, PET), and alternative Bio-based Resin 
types (LDPE, PET, PP) made from different renewable materials (corn, and sugarcane). 

 

*Only GWP impacts available, water impacts unavailable due to data availability 
1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net saleable product (plastic film) 
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Figure 4. 1. Fertilizer application rates (lbs. N per acre) across U.S. county corn production. 

 
NA
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Figure 4. 2. Fertilizer manufacturing GHG emissions (kg CO2e per Bu) from U.S. corn production. 

NA
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4.2.1.3 Irrigation Emissions 
 

Although the contribution to corn GHG emissions from irrigation represent a 

relatively small portion of total corn GHG emissions (see figure C.2), there is significant 

variation in irrigation impacts between counties. Some counties heavily irrigate while 

others rely solely on rain-fed sources. This variation is captured using the WATER 

model, which provides county estimates of the average irrigation water quantity used 

between 1998-2008 for corn production in the U.S., as determined through the purpose-

based allocation method (Chiu & Wu, 2012), see figure C.11. Combining these estimates 

with U.S. irrigation CO2e emission factors provides county-level estimates of irrigation 

induced GHG emissions and dividing by the average yield results in the average GHG 

emissions per bushel of corn associated with irrigation practices, see figure 4.4.  

 

4.2.1.4 Other Inputs to corn production 
 

To capture the full impacts of corn production, a static average emission factor 

was applied to capture the additional inputs used in corn farming. The emission factor of 

82.7 kg CO2e/ton corn excludes N fertilizers, N2O emissions and irrigation impacts, and 

includes average quantities of phosphorus, potassium, lime, pesticides/herbicides and fuel 

inputs used to produce a ton of corn (Hsu, et al., 2010). Using the study’s assumed yield 

of 175 bushels per acre, the emission factor is converted to kg CO2e/acre and divided by 

each corn producing county’s yield to provide a county-specific estimate of emissions 

from these other inputs into corn production per bushel of corn supplied from each 

county (figure 4.5).  The combined total GHG emissions of the U.S. corn production are 

illustrated in figure 4.6, showing significant variation across the supply landscape.  
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Figure 4. 3. Total direct and indirect on-field N2O emissions (kg CO2e per Bu). 

 
NANA

County	Corn	On-Field	Total	Nitrous	Oxide	Emissions	(kg	CO2e	per	Bushel) 
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Figure 4. 4. County irrigation emissions (kg CO2e per bushel). 

 
NA
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Figure 4. 5. County Corn Emissions (kg CO2e per bushel) from all other inputs not including nitrogen fertilizer upstream, on-field emissions and 
irrigation emissions. 
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Figure 4. 6. County Total Corn Production Emissions per Bushel (kg CO2e per Bushel). 

NA
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4.2.2 Livestock Production – Manure Management 
 

The emissions generated from manure management represent at least 30 percent 

of pork emissions, primarily from methane emissions, accounting for approximately 75 

percent of CO2e, and to a lesser extent, nitrous oxide emissions, accounting for the 

remaining 25 percent. There are several ways that swine manure is currently managed in 

the United States, including liquid slurry systems, deep pit storage, solid storage, pasture, 

anaerobic lagoons and anaerobic digester systems; each system having a different 

potential to generate methane and release nitrous oxide emissions (see table C.3 for 

description). Figure C.12 shows the estimated distribution of each manure management 

system used in each state (EPA, 2016c).  This study assumes these distributions reflect 

county practices because finer sub-state resolution data on the types of manure 

management systems (MMS) does not currently exist. The distributions are altered, 

however, to account for counties that have documented usage of anaerobic digesters that 

are operational based on information provided by the EPA’s AgSTAR database (EPA, 

2014).  The quantity of methane produced from each management system is highly 

dependent on the surrounding ambient temperatures, which is a function of both space 

and time. In accordance with the IPCC and EPA recommended methods for estimating 

methane emissions, the average ambient temperatures are used (EPA, 2016e; EPA, 

2016c). Figure C.13 in the appendix shows the variation in the relative average ambient 

temperature across counties and table C.7 shows the corresponding methane conversion 

factors for each MMS and temperature combination.  In addition to the type of MMS 

used and the temperature conditions in which the manure is managed, manure methane 

and N2O emissions are also based on a variety of animal specific parameters, including 

the volatile solids and nitrogen excretion rates, and the maximum methane producing 

capacity of the waste (EPA, 2016c). The volatile solids and N excretion rates vary based 

on the typical mass of the hogs, which changes throughout each successive growing 

phase. Table 4.2 shows the estimated total quantity of volatile solids and nitrogen 

excreted throughout each growing phase, and the combined total generated over a hog 

lifetime, which corresponds to approximately 268 pounds of finished hog mass (Thoma, 

et al., 2011; EPA, 2016e). In addition, following best practice methods, this study 
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allocates a portion of the manure emissions generated from breeding sows to each hog 

based on the average number of litters and number of piglets per litter, assumed to be 

approximately 3.5 litters and 9.5 piglets per litter, respectively (Thoma, et al., 2011). Due 

to the lack of data regarding inter-county transport of hogs within different growing 

stages, this study assumes that total lifetime manure is handled in the county in which the 

hog is sold/supplied to the processing facility.  

 
Table 4. 2. Total lifetime volatile solids and nitrogen excretion parameters across growing phases. 

 
1 Allocated to a single each head based on sow average of 3.5 litters with 9.5 heads per litter. 
2 Lifetime kg of volatile solids excreted per head (finished to weight of 268 lbs.). 
3 Lifetime kg of N excreted per head (finished to weight of 268 lbs.). 
 

The total quantity of methane generated per head (kg CH4/finished head) from 

hog manure management in each county, MMC is estimated by equation 2, where TVSC 

represents the total volatile solids generated per finished head (kg/head) in each county, 

MMSC represents the amount of manure handled in each management system (decimal) in 

the county, VSRC represents the volatile solids removed through solids separation 

activities (decimal), MCFMMS,T  is the methane conversion factor (decimal) for each 

manure management system and ambient temperature combination, B is the maximum 

methane production capacity per unit of volatile solid (m3/kg), and D is the density of 

methane, a constant of .662 m3/kg. 

Category
Sow Nursery Grow to Finish

Lifetime
TotalBreeding

Swine
Phase 

1
Phase 

2
Phase 

3
Grower 

1
Grower 

2
Finisher 

1
Finisher 

2
Finisher 

3

Days in period 553 7 14 21 24 23 22 23 24 158

Average Total Animal 
Mass (kg) 198 6 9 17 33 53 74 94 113 122

VS excretion rate (kg/day/ 
1000 kg animal) 2.6 8.8 8.8 8.8 5.4 5.4 5.4 5.4 5.4 na

Total VS (kg/ animal in 
growing period) 284.7 .36 1.1 3.1 4.3 6.6 8.8 11.7 14.7 na

Total VS (kg/finished 
head) 8.61 4.6 46.0 59.22

Nitrogen excretion rate 
(kg/day/ 1000 kg animal) .24 .6 .6 .6 .43 .43 .43 .43 .43 na

Total N excreted 
(kg/animal in growing 
period)

26.3 .03 .08 .21 .34 .53 .70 .93 1.17 na

Total N excreted
(kg/finished animal .791 .32 3.66 4.773
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!!" = 	 %&'"	×	!!'"	×	 1 − &'+" ×	,	×	!-.//0,2	×	3
//0

 

(2) 

 

For non-digester systems, MMSC, represents the total methane emitted from managed 

manure. For anaerobic digester (AD) systems, however, which are designed to capture 

and store manure methane for eventual combustion, the total quantity of methane emitted 

from these systems is based on the leakage rate of the system. More specifically, the total 

methane leakage in the county, MLC (kg CH4) is a function of the collection efficiency 

and destruction efficiency of the digester system, as described by equation 3. The first set 

of terms estimate the total methane gas emissions generated in covered anaerobic 

management systems, where AF represents the adjustment factor of .9, indicating that 

covered anaerobic systems produce about 90 percent of the maximum potential methane 

generated (Powers, et al., 2014). CE represents the methane collection efficiency 

(decimal) of the digester, and DE represents the destruction efficiency of the digester’s 

combustion process, which may vary based on the type of AD system. This study 

considers three types of AD systems, based on the agSTAR data, including complete mix 

systems, plug flow systems, and covered lagoon systems (see table C.4 for associated 

parameters).   The quantity of methane that is collected but not destroyed, and the 

quantity of methane that is not collected represents the portion of emissions that leak 

from these systems.  

 

!4" = 	 %&'"×,×5.×3 × -678× 1 − 3678 + (1 − -678)
78

 

(3) 

 

The methane that is captured in AD systems is either flared (i.e. combusted without 

energy recovery) or is converted to thermal energy and/or electricity typically for use on 

the farm (EPA 2010d). Through combustion, the manure methane is converted to carbon 

dioxide (CO2) which has a significantly lower warming potential than methane and in 
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fact, because the resulting CO2 is of biogenic origin, we consider the emissions to be 

neutral in accordance with the IPCC recommendations (IPCC, 2014).  The manure 

methane recovered for energy generation has the additional benefit of displacing 

conventional electricity or thermal energy generation emissions (EPA, 2010b; EPA, 

2016c). To determine the displacement benefits of energy recovery, ERC, it is first 

necessary to estimate the total quantity of methane that is combusted, as described by the 

first set of terms in equation 4.  EUC represents the percentage of manure methane that is 

used for different energy purposes in each county. The current study accounts for three 

different energy uses, including electricity generation, thermal energy generation 

(assuming displacement of natural gas), and cogeneration (both electricity and thermal 

energy generation) (EPA, 2010b). DEFEU is the displacement emissions factor for the 

displaced conventional energy use (kg CO2e/m3 CH4 utilized), as determined in equation 

5.  

 

6+" = %&'"×,×5.×-6×36 ×6<"×36.=>
=>

 

(4) 

 

36.=> = 6-!=>×-=>×-.?@×6.=> 

(5) 

 

ECMEU is the energy content of the methane or electricity generating potential (MJ/m3, or 

mwh/m3), depending on whether the fuel is used for thermal energy (assuming natural 

gas displacement) or electricity generation. CEU is the efficiency of the boiler or turbine 

system or collective efficiency of the cogeneration system. CFNG is the conversion factor 

for natural gas displacement (m3/MJ) and EFEU is the emission factors per unit of 

displaced electricity and/or natural gas (kg CO2e/Mwh conventional electricity and kg 

CO2e/m3 natural gas). The emissions factor associated with displacing electricity are 

based on the sub-regional non-baseload emission factors in which the county is located, 

as provided by the EPA’s eGRID database (Diem & Quiroz, 2012).  
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In addition to methane emissions, several management systems also produce 

nitrous oxide (N2O) emissions, which may occur directly through conversion of nitrogen 

to N2O, and through indirect conversion via secondary processes involving volatilization 

and leaching of manure nitrogen. Equation 6 estimates the quantity of direct N2O emitted 

in each county, DNC, where the total nitrogen excreted per finished head is represented by 

TNEC (kg/head, see table 2), NR is the total nitrogen removed through solids separation 

(decimal), NCFMMS is the N2O-N conversion factor generated from each manure 

management system (kg N2O-N/kg N, see table C.5), and K is the molar mass ratio of 

N2O to N (44 N2O/28 N2O-N) to convert to total N2O emissions.  

 

3A" = B× %A6"×!!'"×(1 − A+")×A-.//0
//0

 

(6) 

 

Indirect emissions of N2O are estimated in equation 7 based on the portion of 

nitrogen volatilized for each manure management system, VMMS (decimal), and the 

portion of N loss to leaching/runoff from each MMS, LMMS (decimal). The quantity of N 

volatilized and leached is then multiplied by its respective N2O-N emission factor, EFV 

and EFL, see table C.5 and C.6 for parameters (EPA, 2016c). 

 

CA" = B× %A6"×!!'"×(1 − A+") × &//0×6.& + 4//0×6.4
//0

 

(7) 

 

The total manure GHG emissions generated per finished head in each county, MGHGC 

(kg CO2e/head) is equal to the sum of manure methane emissions and direct/indirect N2O 

emissions, multiplied by the respective GWP of each GHG (see equation 8 and table C.1 

in appendix). In addition to direct emissions, the displaced emissions from thermal 

energy and electricity generation are also considered. The resulting unique county-level 

manure management emissions factors are illustrated in figure 4.7. Figures C.14-C.17 in 
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the appendix further illustrate the emission factor variation between GHG emission types, 

as well as the avoided emissions from anaerobic digester biogas use. 

 

!DED" = !!" +!4" ×DFG"HI +	 3A" + CA" ×DFG?JK + 6+"  

(8) 
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Figure 4. 7. GHG emissions from manure management (kg CO2e per finished hog) across county hog producer locations. 

 

NA



	
	

93 

4.2.3 Electricity in Pork Processing 
 

The final hotspot stage and input spatially investigated in the pork supply chain 

relates to electricity emissions in pork processing, as it is the primary driver of impacts 

from direct operations (Thoma, et al., 2011; Castellini, et al., 2012), and can vary 

significantly between counties due to the variation in the emissions profiles of electricity 

generation and supply (Diem & Quiroz, 2012). This variability is captured through the 

EPA’s eGRID data, which provides sub-regional annual average emission factors for 

electricity generated and consumed within 22 different sub-regions (see figure C.18 in 

appendix C, (EPA, 2015a)). Because more detailed data on facility specific electricity 

requirements is unavailable, its assumed that approximately 44.3 kWh per finished hog is 

required for processing (Fritzon & Berntsson, 2006). Due to transmission and distribution 

losses, the eGRID emission estimates are scaled based on the grid loss factors associated 

with each of the sub-regions which correspond to the additional electricity generated to 

satisfy end-user demand (Diem & Quiroz, 2012), resulting in the sub-regional emission 

factors detailed in table C.8. Total facility electricity impacts are determined by the 2012 

total annual processing capacity, as provided by the U.S. EPA Facility Registry Service 

(FRS) data (EPA, 2013). Figure 4.8 shows the total electricity impacts and impacts per 

processed hog for each pork processing facility. 

  

4.2.4. Other Pork Impacts 
 

The supply and demand model provides an estimate of the distance traveled from 

corn producing counties to livestock producing counties, and from livestock producing 

counties to processing facilities. This distance is combined with the estimated mass 

(assuming 56 lbs/bu and 268 lbs per head) that is transported, to determine the kgkm 

traveled for each supply chain stage. Additionally, the transportation emissions associated 

with DDGS supply to livestock counties and allocated upstream emissions from corn 

transport to ethanol facilities is included. The model distinguishes between distance 

traveled by rail versus truck, and applies the corresponding USLCI emission factors for 

diesel powered train and combination truck transport (NREL, 2012).  
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To estimate the total GHG emissions associated with each pork company and the pork 

industry, the spatially explicit emissions from corn production, manure management, 

electricity in processing, and transportation are combined with a U.S. average estimate of 

the other supply chain emissions from the pork supply chain, as provided by the National 

Pork Board LCA (Thoma, et al., 2011). The average emissions associated with the other 

feed types used in hog diets, other inputs used in processing, packaging, retail, and in-

home consumption, resulting in approximately .96 pounds CO2e per 4 ounces of boneless 

pork meat. These emission factors were converted to kg CO2 per finished hog using the 

assumptions that there is approximately .75 pounds of carcass for each pound of live 

weight, and .65 pounds of boneless meat per pound of carcass (Thoma, et al., 2011). This 

results in approximately 230 kg CO2e/finished hog for emissions from stages non-

spatially modeled.   

 



	
	

95 

 

 

Figure 4. 8. Electricity consumption emissions per hog processed across U.S. pork processing 2012 facilities. 
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4.3 Company-Specific Supply Chain Results 
 

 After linking the emission factors associated with corn, livestock and electricity 

supplies, to downstream demand via the cost-minimization ICF transport model and 

eGRID subregion locations (see figures C.26 and C.27 for details), we find that there is 

significant variation across pork processing companies in the total life cycle CO2e 

emissions generated per hog processed. This variation is driven entirely by the unique 

supply networks used to satisfy each company’s demand, as determined by infrastructural 

investments in processing facility locations and the assumption that supply chain logistics 

seek to minimize the total costs of supply. Figure 8 depicts the cumulative spatially 

modeled emissions per finished hog processed across processing companies, showing 

emission factors ranging between 183 to 465 kg CO2e per processed hog. The average 

and weighted average emission factors across companies are approximately 309 and 319 

kg CO2e/hog processed, respectively.  

Additional variation occurs within and across each hotspot stage, where some companies 

may have relatively high emissions from corn suppliers, but relatively low emissions 

from livestock suppliers regarding their manure management. The variance in the manure 

management emission factors across companies is substantial, reflecting the large 

differences in emissions generated from different combinations of manure management 

systems and the different temperature profiles. The variability in the emission factors for 

corn production is also sizable, and is largely driven by the differences in yield outputs, N 

fertilizer types and usage, on-field N2O emissions, and irrigation usage.  

The top five pork producers tend to hover around the industry mean, both in total 

emissions and across spatially modelled supply chain stages. This is likely due to the size 

of the demand from these companies which results in a more diversified supply footprint. 

A larger supply footprint is likely to pull from both high and low emitting producers to 

satisfy the quantity demanded, which tends to smooth out the companies average 

emission factor. This is compared to smaller companies which draw supplies from fewer 

locations that may have high or low associated emissions; this lower diversity in sourcing 

locations results in a more limited ability to smooth emissions and instead produces 
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greater variance across small-sized companies with relatively low levels of demand. 

Figure 4.8 further reveals the relative contribution of emissions across inputs and supply 

chain stages for each U.S. producer. A trend is apparent in that manure management 

emissions seem to drive the majority of emissions across companies, followed by corn 

production, electricity use in processing, and total transport, as is consistent with the 

literature.  

 The cumulative, spatially assessed hotspots represent approximately 56 percent of 

the total cradle-to-grave pork GHG emissions, assuming an average emission factor for 

the other supply chain stages, as discussed above. Across companies, the cumulative 

hotspot emissions can account for between 44 and 67 percent of the total GHG emissions. 

Regarding total cradle-to-gate emissions, however, which represent the portion of total 

emissions that producers are more able to influence compared to downstream emissions 

from retailers and consumer use, the cumulative spatialized hotspots represent on average 

84 percent of the total cradle-to-gate, with a range of 77 to 89 percent across companies. 

Companies are thus able to influence a substantial portion of cradle-to-gate emissions by 

addressing these hotspot areas in their supply chains. Due to resource limitations, 

however, it is necessary to prioritize the most impactful supply chain stages and supplier 

locations, which will vary between companies.  A rating system is used to determine 

where each company should prioritize supply chain engagement resources. Suppliers are 

ranked across stages based on both the total annual emissions and the emission intensity 

(i.e. CO2e per processed hog). The top 20 percent most impactful supply locations are 

assigned a value of 5, the top 60-80 percent are assigned a value of 4, the mid 40-60 

percent a value of 3, the lower 20-40 percent a value of 2, and the bottom 20 percent a 

value of 1. The ranked supplier locations are summed across the total emissions and 

emission intensity metrics, resulting in a ranked scale ranging from 2 to10, from least 

priority to greatest priority.  

 Figure 4.9 shows the top five pork producer’s respective supply network 

priorities, across corn, manure management and processing hotspot stages. These priority 

areas indicate the supplier locations and stages that should take precedence for supply 

chain engagement resources aimed at reducing supply chain impacts.  The figure shows 

that livestock producers’ corresponding manure management emissions should be 
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prioritized for GSCM engagement efforts across each of the five companies, as indicated 

by the red counties. These counties represent locations that supply large quantities of 

product to the respective companies, which scale overall emissions, and represent the 

worst emissions efficiency (kg CO2 per hog) compared to other suppliers in each 

company’s supply network. The underlying metrics driving the priority assessment, in 

terms of the total emissions generated and the emission intensity of each spatially 

modeled supply chain stage for the top five companies are depicted in figures C.19 to 

C.23. These figures further help to illustrate the wide variation in environmental impacts 

associated with these large supply networks, allowing the variation in impacts to be 

smoothed resulting in average emissions intensities resembling the overall industry 

average, as discussed above.  

The wide variation in impacts that exist in the supply networks of individual 

companies provides strong evidence for why such spatial knowledge is necessary to more 

efficiently target supply chain environmental improvement efforts. These results, for 

example, suggest that on average, manure management GHG emissions account for 46 

percent of cradle-to-gate emissions, and 31 percent of cradle-to-grave emissions, with a 

range of 33 to 64 percent and 20 to 46 percent, respectively, across pork producers. The 

path to achieving large emission reductions in these priority areas becomes apparent in 

figure C.6 and C.7, which shows the comparative emissions of different manure 

management systems. As is evident in the figures, significant quantities of emissions 

could be saved if a greater composition of manure was managed in anaerobic digester 

systems, across a variety of digester types and biogas uses. However, to better inform 

such decisions, economic costs would need to be weighed in conjunction with the relative 

benefits of different management systems and biogas uses (e.g. GHG reductions), as well 

as across other prioritized supply chain stages. There are several county corn suppliers 

that rank relatively high, for example, as indicated by the orange and yellow counties in 

figure 4.9, which may have low cost management options available that lead to 

comparatively large GHG reductions. Assessing the eco-efficiencies of alternative 

management options in each prioritized supply location would help to illuminate what 

counties to further prioritize by determining which strategies in each location are most 

effective at reducing impacts at the lowest costs (Pelton, et al., 2016).  
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Combining the inter-regional commodity transport flows with the spatial 

emissions allows not only a bottom-up, company-specific estimate of environmental 

impacts but also a bottom-up assessment of total industry emissions. Summing each U.S. 

company’s cradle-to-gate and cradle-to-grave impacts results in 46.899 million tons and 

68.736 million tons, respectively, of annual CO2e emissions from the pork industry. 

Figure C.24 shows the pork processing company contribution to the U.S. industry total 

life cycle GHG emissions (kg of CO2e per year). Results show that the top five 

processors contribute almost three quarters of the total industry’s CO2e emissions 

(approximately 73 percent), which tracks well with their combined market share at a 

corresponding 71 to 73 percent. Figure C.25 compares the percent of market share for 

each company to the percent of total industry emissions attributed to each company’s 

operations. These results indicate that, although the total emissions on average track well 

with the percent market share of companies, some companies produce proportionally 

more emissions than would be explained by market share alone, and some produce 

proportionally less. These proportionality differences are instead attributed to the 

variation in the supply networks’ unique combination of spatially explicit emissions. 

Together, figure C.24 and C.25 suggest that if just the top few companies engage in 

supply chain improvement efforts with the most impactful suppliers, as indicated by the 

prioritization assessment, there is huge potential to significantly influence the future 

emissions of the pork industry. Although the prioritization assessment demonstrated in 

this study is based solely on the global warming potential impact category, the method 

can be applied to any alternative impact category, such as water use, water quality and 

human health, or applied to a weighted index combining several impact categories.       

 
 
4.4 Discussion 
 

The results of this streamlined spatial LCA provides companies within the U.S. pork 

processing industry with valuable insight into their company-specific life cycle GHG 

emissions generated from the production and consumption of their pork meat. This 

greater specificity significantly improves the value of environmental assessments, 
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compared to the typically used national average estimates from process-based or input-

output based models, as it lends greater clarity to GSCM decisions and increases overall 

business intelligence about supply chains and exposures to risks.  Such streamlined, 

spatial methods using inter-regional commodity flow information, when applied across 

companies, can also provide bottom up estimates of total industry impacts that may be 

able to achieve greater accuracy compared to top-down approaches by being able to 

capture the large variation in highly heterogeneous supply landscapes, due to differences 

in management practices, environmental conditions and material/energy inputs used 

(Yang & Heijungs, 2016; Yang, 2015).  

Due to the increased granularity of data required for such spatial assessments, however, 

several assumptions are made to overcome data limitations, thus manifesting in sources 

of uncertainty in the emission estimates. The inter-regional commodity transport model, 

for example, is limited in that it does not explicitly account for the grain aggregators in 

the supply chain, which may or may not significantly change supply networks. The 

model also does not account for any trade between livestock producers, which requires 

the environmental assessment to assume that the estimated hog supplying counties are 

also the location that the hogs are raised throughout the different growing phases. This 

means the same manure management system distribution is assumed to be used for each 

growing phase’s respective total volatile solids and nitrogen excretion output. According 

to industry partners, however, this assumption is flawed because hog producers tend to 

specialize in specific growing phases of production, such as farrow-to-wean and wean-to-

finish, where the early growth stages are often transported to alternative locations to 

finish the subsequent growth phases. It is unclear to what extent this inter-growing phase 

transport and inclusion of grain aggregators will affect total manure and corn emissions 

attributed to each company and the industry in total, but due to data limitations, these 

remain fruitful areas for future research to improve the accuracy of supply-demand 

network predictions and emission estimates. Commodity transport models will continue 

to improve and alternative supply networks may take shape, but regardless of the 

transport model used, the underlying spatial data derived in this research for county corn 

production and manure management can provide spatially relevant environmental 

information and strategies to inform any pork supply network configuration. 
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Figure 4. 9. Variation of GWP emissions across U.S. pork processing companies and across supply chain stages. 
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Figure 4. 10. Prioritized counties for green supply chain management. Rank index based on total impacts 
and emissions intensity across supply chain stages for each individual company. 
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To bypass the uncertainty of supply network structures, however, an alternative 

strategy for organizations may be to target the most impactful production locations across 

the entire industry’s supply, as companies can publicly report and take credit for the 

reduced emissions regardless of whether such improvements are directly linked to 

specific company supply chains. Such a strategy may enable organizations to take credit 

for greater emission reductions, dollar for dollar, than if such resources were spent on 

improving company-specific suppliers, which may be overall less impactful (and 

therefore less opportunities for reducing emissions) compared to other supply/production 

locations. Although this strategy may be effective for decreasing the impacts of the 

overall industry and other industries using similar supply inputs, it may not specifically 

address the potential risks of supply disruptions and environmental regulations posed to 

individual company supply chains, which remains an important motivator for 

organizations to engage in sustainability efforts. Additionally, by linking spatial impacts 

to company-specific supply-demand networks, the resulting organizational LCA can 

better support scope 3 reporting, which is increasingly required by many reporting 

platforms, such as CDP. Such reporting platforms are increasingly being used to inform 

investors and other downstream buyers of potential risks to investments, reputation, and 

supply. Future research should compare these alternative engagement strategies, to 

investigate the potential trade-offs in environmental and economic impacts, and potential 

trade-offs to reputation and risks. 

Other areas of uncertainty that have relatively high influence on estimated 

emissions include the county average N fertilizer use estimates and the assumption that 

county manure management practices resemble state-level distributions. The estimated 

average quantity of nitrogen fertilizer used on farmland in each county is based on the 

assumption that fertilizer sales serve as a reasonable proxy for actual consumption. 

However, this may not necessarily be so if substantial quantities are stored for future use. 

Furthermore, using the proportion of corn planted acres receiving N fertilizer to total crop 

planted acres receiving N fertilizer to allocate total county farm N to corn production, is 

limited in that this method does not consider different application rates used for different 

crops. While the resulting distribution across different application rates for corn seems 

reasonable, estimates may be systematically under or over represented in some areas, 
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depending on whether the other grown crop varieties receive on average more or less N 

fertilizer than corn crops. Regarding manure management, due to data limitations at the 

county-level, the state reported distributions are applied across state counties, with county 

adjustments for digester use. It is unclear the extent of variation in manure management 

that occurs at the county-level, and therefore the amount of uncertainty this propagates in 

emission estimates, although we estimate it to be fairly substantial. Collecting manure 

management and fertilizer use information at the county level would be a valuable 

addition to USDA census and survey collection to improve the accuracy of emissions 

accounting and to better target mitigation solutions.   

Despite these limitations, the bottom-up, county-level assessment focused on the 

hotspots of the system can account for an average of 56 and 84 percent of cradle-to-grave 

and cradle-to-gate emissions while capturing a significant portion of variation stemming 

from the alternative management practices and types of material/energy inputs used 

across the supply landscape, and the spatial differences in environmental conditions. 

These company-specific baseline assessments help identify initial areas to prioritize along 

unique supply chain networks, and serve as the base of comparison for assessing the 

benefits or drawbacks of alternative management practices. Characterizing the quantity of 

supply chain CO2e reductions that are possible within and across hotspot stages and 

understanding the economic costs associated with baseline and alternative management 

practices will be crucial areas for future research. This information will further enable the 

ability to spatially optimize across management practices and across supply chain stages 

to maximize reductions in environmental impacts while minimizing the total costs of 

change. Assessing the reduction potential of alternative management practices in the corn 

production stage will need to additionally consider how corn yields may be affected by 

changes in management practices, such as reductions in fertilizers, changes to application 

timing, tillage practices, etc. Because, while a reduction in N fertilizer will reduce the 

total quantity of upstream emissions and associated on-field N2O emissions, a reduction 

in yield may also be a result in some areas, which could cause overall increases or 

minimal changes in the emissions intensity of supply (kg CO2e/bu). Future research 

should consider using biophysical models that couple crop growth simulations accounting 

for spatial differences in environmental conditions and management practices with 



	
	

105 

simulations of denitrification processes to better capture the dynamics and potential 

trade-offs of alternative practices.  

To connect the spatial LCAs of supply bases to specific company supply chains 

requires detailed information on the inter-regional commodity flows linking several tiers 

of supply and demand. Therefore, to apply the methods illustrated herein to other 

commodity groups, additional supply-demand models are required. Such models rely on 

combinations of sub-regional supply and demand data, which, regarding agricultural 

commodities in the U.S., can be derived from USDA census and survey information for a 

variety of agricultural crops and livestock types. Data on processing/manufacturing may 

be found via industry associations. Additional complexity occurs if a significant amount 

of supply is imported from other country production locations, requiring additional data 

and assumptions to characterize production impacts.  However, because a substantial 

amount of the necessary data is publicly available across a wide variety of agricultural 

commodities in the U.S., future research should heavily focus on developing the inter-

regional commodity flow data necessary to conduct such spatial LCAs, initially 

concentrating on particularly impactful commodity groups first. Developing average 

supply chain networks from several years of data and simulation would provide 

additional benefits for improving the generality of emission estimates across years, 

however, the current study is limited in that function. Although emission intensity 

estimates of supply are based on average production practices, the inter-regional 

commodity flows are based on a single year’s supply and demand dynamics.  

To enable consumer facing firms to efficiently and effectively target their supply 

chain improvement efforts, both to begin influencing the sizable impacts from 

agricultural food production and to make such efforts more attractive and practical to 

achieve, it is critical that more spatial LCA information is made available. Although 

significant data, time and costs are required to conduct such assessments, streamlined 

methods focusing on hotspots can help reduce these costs, facilitating a better 

understanding of the key supply chain drivers of impact for better targeting the areas of 

priority. By bridging this information gap, companies will be better equipped to exert 

their market influence on key leverage points in supply chains, through 1) increased 

targeting of environmental procurement criteria, 2) knowledge sharing of effective 
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mitigation strategies, 3) cost-sharing for strategy implementation, and 4) lobbying state 

and federal governments for increased best management practices. These targeted efforts 

will be able to more efficiently address and reduce the substantial environmental impacts 

associated with upstream activities, which will be particularly necessary for agricultural 

supply chains given the enormous growth projections of 70 percent required to satisfy the 

future population’s food demand in 2050 (FAO, 2009). Reducing human consumptive 

impacts on the environment, particularly regarding climate change, water scarcity, water 

quality, and toxicity, will help reduce the pressures on ecological systems and improve 

the resiliency of communities; it is consequently important that these additional 

categories are also managed alongside climate change metrics. 
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Chapter 5 

Conclusion 
 

This dissertation has illustrated the possibility for increasing the actionability of 

environmental information and its saliency to organizations by considering aspects of 

materiality, comparability and multi-metric dimensionality in the design of methods 

aimed at improving the sustainability of organizations. The modified LCA methods 

presented in each of the operational areas removes barriers for integrating sustainability 

information into core business processes by increasing the clarity for making 

sustainability management decisions and prioritizing resources, and reducing the costs of 

assessment which enable more production/consumption systems to be examined and 

ultimately improved. In doing so, this research significantly expands the sustainable 

operations management literature, with emphasized contributions in the areas of 

environmentally preferable procurement, sustainable manufacturing and green supply 

chain management; each representing key leverage areas for organizations to move the 

sustainability needle forward.  

As demonstrated in the three case studies, hotspot analysis methods focus 

resources on the most material aspects of organizational impacts, such as highly 

impactful product purchases, supply chain stages, production processes and product 

outputs. Scenario and sensitivity analysis approaches can increase the comparability of 

environmental information and robustness in relative environmental performance, where 

inputs, processes and/or outputs are parameterized to reflect differences in management 

or production practices, as well as spatial and temporal differences in environmental and 

economic market conditions. Together, these methods help to reduce the costs and time 

to conduct environmental life cycle assessments yet allow for robust comparisons of 

alternative management options to be made. Assessing scenarios across several metric 

dimensions allows decision makers to consider a broader context that more aptly reflects 

the competing demands and criteria that decision makers must realistically account for, in 

practice. Although each method demonstrated in the case study was designed specifically 

to answer the issues faced in the respective operational areas, the general effect of 



	
	

108 

including these three elements in each methodological design is an overall increased 

efficiency and effectiveness for quantitatively informing organizational sustainability 

decisions. These methods therefore, through each of the respective case studies, provide 

the basis for enhanced decision support tools that will allow decision makers to transition 

from qualitative environmental management system approaches to quantitative 

approaches that lead to measurable sustainability performance. 

In each business function, the methods demonstrated allowed major information 

gaps and sustainability challenges to be overcome. In the first essay, methods enabled 

purchasers to sort through the complexity that exists around the multitude of different 

environmental product options that are available on the marketplace across all the 

different product categories purchased by organizations. Pairing optimization methods 

with streamlined life cycle assessment methods allowed organizations to identify more 

efficient allocation of procurement resources across purchasing departments to maximize 

environmental performance and more effectively achieve science-based sustainability 

objectives. Finally, decision criteria such as eco-efficiency metrics that consider both 

economic and environmental performance, and environmentally weighted impact indices, 

allowed decision-makers to identify, weigh, and minimize trade-offs directly.  

In the second essay, using optimization and scenario analysis techniques help 

manufacturers contend with the speed and dynamism of modern production systems, 

which make incorporating sustainability into production decisions a challenge. The result 

of such assessments help managers identify the most profitable product portfolio outputs 

and input combinations, and any trade-offs in environmental and economic performance 

that may occur across market conditions. Such assessments can also support consumer 

demands on organizations to supply environmental performance information of 

manufactured outputs, enabling organizations to maintain competitiveness under 

additional procurement criteria. Importantly, the results of the assessment reveal the 

possible dynamic nature of manufacturing co-product portfolios, having potential to alter 

sustainability performance conclusions. Thus, the illustrated methods help managers to 

identify future risks to business operations and profitability by providing a better 

understanding of the implications of all technically possible production decisions, and 
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illuminating any constraints on production that may be necessary under different policy 

(governmental or voluntary) compliance scenarios.  

In the third essay, streamlined spatial LCA methods applied to outputs of 

optimized regional trade models enabled greater transparency into company-specific 

supply chain impacts, allowing supply chain managers to understand key drivers of 

upstream organizational impacts. Knowledge of the distribution of impacts across supply 

chain stages and across both supply chain stages and supply locations helped to better 

prioritize limited organizational resources to areas fruitful for both further assessment and 

eventual engagement. Identified priority areas indicate where alternative management 

practices should be further investigated through scenario analysis, and ultimately where 

such practices should be deployed first. Optimization techniques can further help to 

clarify the most cost-effective strategies to be deployed for individual supply locations. 

Importantly, these methods enable organizations to better set and realistically meet 

science-based sustainability targets by providing organization-specific estimates of 

impacts, and eventually estimates of reduction potential, associated with the unique 

spatial distribution of supply chain networks.  

Overall, the methods described in this dissertation 1) enable organizations to 

pragmatically incorporate sustainability information more fully into decisions and 

practices, 2) allow LCA practitioners to deploy sustainability information across a wider 

array of goods and services due to reduced costs of assessment, 3) support the 

prioritization of resources toward high impact areas, 4) help to identify optimal 

management options effective at reducing environmental burdens, 5) help to address 

potential tradeoffs in management practices and decisions, and 6) increase overall 

business intelligence around organizational exposures to operational risks, allowing 

organizations to more fully manage such risks. Although several limitations and areas of 

uncertainty exist within each of the methods, as described in the respective case studies, 

these methods provide a viable path forward for improving sustainability measurement 

systems and decision tools to enable organizations to overcome sustainability challenges 

and information gaps. To further understand the broader implications of the proposed and 

demonstrated methods, future research should focus on expanding the assessments to 

additional industries. Such information could reveal additional nuances for informing 
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best practices, help to further refine the methodologies to address specific industry 

challenges, and help to further generalize the methodologies to better address the 

common challenges faced across industrial and retail applications.  

From a societal perspective, enabling organizations to reduce the environmental 

burdens of production and consumption systems will have wide reaching benefits to 

human and ecological populations locally, regionally and internationally, by reducing the 

risks of various environmental and human health hazards, and supporting the ability for 

organizations to provide economic security for future generations. It is therefore essential 

that environmental assessment approaches, such as those outlined in this dissertation, are 

more widely applied across organizations.
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Table A. 1. Hotspot Scenario Analysis - Procurement Portfolio Optimization methodological steps, 
including example applications from breakfast cereal industry case study.  

 

Method Steps BFC Industry Case Study Details Data Sources

Prioritization

Prioritize environmental impact categories to manage, and
prioritize purchased products based on highest contributing impacts using 
Environmentally Extended Economic Input-Output (EEIO) Models and 
stakeholder interests.

Prioritized Impacts: Global Warming Potential and Water Depletion

Bare et al 2003; 
ReCiPe 2009;
CMU-GDI 2008; 
GEMI 2014

Prioritized Industry Prioritized Product Category

Purchased Electricity Electricity

Grain
Corn
Wheat

Containerboard boxes
Corrugated Board
Paperboard

Plastic packaging
Plastic Bag

Plastic Film

Cleaning compounds Multi-Purpose Cleaner

Hotspot Scenario 
Analysis
(HSA)

Identify life cycle hotspots for prioritized products using EEIO and 
literature, and estimate each hotspots percent contribution to the total 
impacts for each product. 

Prioritized Industry Industry Hotspots

CMU-GDI 2008; 
Huang et al 2009; PE 
2009; Ross and Evans
2002; Franklin 
Associates 2011; Kapur 
et al 2012; Saouter et al 
2002; DeWaele et al 
2004; TSC 2011

Electricity Fuel Inputs

Grain On-farm inputs

Containerboard boxes

Wood harvest/extraction

Paper and paperboard mills

Containerboard box manufacturing

Plastic packaging
Resin manufacturing
Bag manufacturing
Film manufacturing

Cleaning compounds
Soap and detergent manufacturing

Packaging

Construct process-LCA baseline per hotspot for conventional products 
and parameterize LCA for product environmental attributes.

Process-LCA conducted with GaBi LCA software, using commercial databases for process 
inputs, including EcoInvent, PE international data, and USLCI. 

PE 2014; ecoinvent
Centre 2012; USLCI 
2012; Pelton and Smith 
2014

Product environmental attribute examples: wind electricity, organic, recycled content

Compare attribute impact against baseline impact by calculating the 
percent reduction or increment in impacts per hotspot stage, and multiply 
by hotspot percent contribution to total impact. 

Calculations:

(kg CO2e per unit with environmental attributes – baseline kg CO2e per unit) ÷ baseline kg
CO2e per unit. = % reduction or increment from attribute/hotspot

% reduction or increment from attribute x hotspot % contribution to total impact = 
% reduction or increment to product category

Economic 
Characterization

Disaggregate IO industry spend using IO tables for each product. 1 Assumed each product's proportion of total industry output activity (in $) represents the 
proportional spend on each product within an industry.  BEA 2002; BEA 2007

Identify baseline product price per functional unit (e.g. $/kg) for each 
product. 

Conventional product prices identified through various online distributors and manufacturers,
converted to price per unit, and averaged to represent baseline prices.

FEFCO 2012; 
Packaging Price 2013; 
RISI 2014; CIS 2015; 
PlasticsNews 2015; 
SourceSupply 2013; 
USDA 2015; EIA 
2013; Alibaba 2015

Calculate and assign price premiums or discounts to each green product 
scenario2. Apply premium or discount to baseline price per functional 
unit, resulting in the price per unit of the green product.  

Identified product prices and/or cost savings related to the specified environmental attributes.  
Split cost savings between producer and consumer. Compare to baseline product prices to 
calculate percent premium or discount for each attribute and sum together for creating a green 
product scenario2

Johnson et al 2005; 
Kramer et al 2009; 
Aller 2015; Gloy and 
Dooley 2003; Espinoza 
et al 2011; ICIS 2012

Example: Baseline $/kg x 1.05 (i.e. a 5% price premium) = $/kg green product scenario2.

Use baseline spend and baseline price per unit to determine number of 
units required by organization.

Example: Corn Farming $40,549 spend / ($3.55/bu) = 11,422 total bu of product. 
The quantity of each product is assumed to be fixed.

Total Impact 
Characterization

Calculate total environmental impacts for each product category using 
baseline product prices, total product spend, cumulative hotspot impacts 
and estimated percent contribution to total impacts (see table S8 for 
details). 

Calculations: CMU-GDI 2008

Process-LCA baseline cumulative hotspot kg CO2e/kg product ÷ baseline $/kg = kg CO2e/$

Uses sources and 
results from previous 
methodological 
sections

Cumulative hotspot kg CO2e/$  /  Cumulative hotspot % contribution to total impacts = total 
kg CO2e/$ 

Spend per product category x total kg CO2e/$ = total kg CO2e from product

Convert total impact % reductions or increments for each green product 
scenario to actual impacts per million dollars (short tons CO2e/$M). 

Example: 3021 short tons CO2e/$M corrugated board – (Wind electricity 17.5% reduction to 
corrugated board impact x 3021 tons CO2e/$M) = 2492 short tons CO2e/$M corrugated board 
(made with wind electricity). 

Normalization 
and Weighting

(applied only to 
environmental 

index)

Divide product industry impacts per $M by normalization reference for 
each impact category, multiply by weighting factors and sum to create an 
environmental index.

Calculations:
Kim et al 2013; PI 
2010; Frederick 1995; 
Gloria et al 2007;
Seppala 2003

tons CO2e/$M ÷ total 7.7712855e9 tons CO2e/year in U.S = normalized impact/$M

Normalized GWP impact/$M x 29% weighting factor = weighted GWP impacts/$M

Weighted GWP impacts /$M + weighted water impacts/$M = Environmental Index/$M

Procurement 
Portfolio 

Optimization

Construct a linear programming model, accounting for all product 
environmental attribute option impacts, prices and total purchasing
category spend to 1) maximize environmental impact reductions subject 
to staying within a fixed budget, or 2) minimize budget spend subject to 
reaching a fixed environmental impact reduction. 

LP optimization results indicate the optimal quantity to be purchased between conventional 
and/or green product options

,
in order to satisfy objectives. 

Uses sources and 
results from previous 
methodological
sections
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Table A. 2. Variability in percent reductions and increments in total product option impact across all product attributes.  

Impact Category 
Reductions and 

Increments in Impacts 
Relative to Baseline 

Purchased 
Electricity 

Grain 
Farming: 

Corn 

Grain 
Farming: 

Wheat 

Corrugated 
Board 

Paper 
Board 

Cleaning 
Compounds 

Plastic 
Bag 

Plastic 
Film 

GWP 

Minimum % change 
from baseline -39% -52% -23% -62% -63% -20% -70% -35% 

Maximum % change 
from baseline -39% 148% 299% 3% 2% 22% 16% 92% 

Water 

Minimum % change 
from baseline -32% -43% -9% -76% -73% -25% -20% -47% 

Maximum % change 
from baseline -32% 194% 371% 0% 0% 4% 0% 129% 

Environmental 
Index 

Minimum % change 
from baseline -37% -45% -14% -63% -65% -19% -61% -28% 

Maximum % change 
from baseline -37% 186% 343% -2% 2% 15% 11% 98% 
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Table A. 3. Selected product options and corresponding product physical units in the three purchasing approaches: baseline, silo and portfolio, under 
the condition of minimizing GWP, water depletion and environmental index impacts subject to budget constraints.  

 
Notes: 
75% RC = 75% Recycled Content 
BT = Biomass Thermal 
CF-CO = Conventional Formulation from coconut oil 
CF-P = Conventional Formulation from petro source 
CFWS = Conventionally Farmed Wheat Substitute 
EE = Electric Efficiency 

GS37-P = GS37 formulation from petro source 
HIH = High Intensity Harvest 
LB-HDPE= large HDPE bucket 
LIH = Low Intensity Harvest 
PB = Petro Based 
PFC = Precision Farmed Corn 
PFCS = Precision Farmed Corn Substitute 

PFW = Precision Farmed Wheat 
R-HDPE = Recycled HDPE 
R-PET = Recycle PET 
TE = Thermal Efficiency 
WE = Wind Electricity 
1: in paper mills 
2: in paperboard manufacturing process 
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Figure A. 1. Sensitivity analysis of different organizational procurement budget scenarios.  

 
 
Scenario 1: Based on the initial departmental budget allocation in the main text, the silo approach 
receives a budget increase of $1000 in each category from the initial value; the portfolio approach 
receives a total organizational budget increase of $8000 from the initial value. Results indicate that 
the portfolio approach is environmentally preferable to the silo approach with incremental budget 
increases of equal magnitude.  
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Scenario 2: Based on the initial departmental budget allocation in the main text, the silo approach 
receives a budget increase of 10% in each category from the initial value; the portfolio approach 
receives a total organizational budget increase of 10% from the initial value. Results indicate that 
the portfolio approach is environmentally preferable to the silo approach with percentage increases 
in budget. 
 
Scenario 3: Based on the portfolio optimization final spend results for each purchasing category 
presented in the main text, the silo approach adopts the optimal portfolio budget allocations prior 
to optimization; the portfolio approach uses the initial organizational budget. The results indicate 
that the environmental performance of the portfolio approach can be achieved by procurement 
managers strategically planning optimal budget allocations across purchasing departments to 
coordinate EPP efforts. 
 
From an economic standpoint, it is tempting to examine an optimization game in which the silo 
and total portfolio spend are minimized and constrained to be equal or less than the baseline level 
of environmental impacts. However, the results of such an optimization would misrepresent the 
potential opportunities of this approach because we have included only a subset of possible 
product options in the procurement choice set (i.e. product options that profess environmental 
preferability or have unknown relative environmental preferability), and have excluded many 
product options that may give a wider distribution of costs to environmental impacts (i.e. lower 
costs, higher environmental impacts). Therefore, the results of such an analysis would likely be 
skewed to over-represent the environmental reductions than would actually be achievable through 
this cost-minimization approach. Furthermore, the procurement function has likely already 
minimized its costs subject to additional performance and functional criteria, so the logical point 
of examination is instead to minimize environmental impacts, as this will be an important 
additional criterion that procurement managers will increasingly be asked to manage. 
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Table A. 4. Eco-efficiency comparison between silo and portfolio procurement approaches against baseline 
eco-efficiency values for different attribute pricing scenarios. 

  

Eco-efficiency improvements represent the percent difference between the baseline eco-efficiency (impact 
per dollar spend) and the optimal eco-efficiencies for the case where purchasing decisions are made by 
purchasing silos versus coordinated purchasing across the portfolio, for GWP, water depletion and an 
environmental performance index. The eco-efficiencies for the silo and portfolio approaches are a result of 
minimizing GWP and/or water depletion subject to maintaining less than or equal to current budget spend. 
Negative values represent improvements in eco-efficiency (i.e. reduced impact per dollar) relative to 
conventional baseline purchases. Discount attributes (D) offer savings relative to baseline costs, while 
premium attributes (P) cost more than conventional prices. D,P (+/-) represents the price per unit explored 
in the sensitivity analysis, where + (or -) represents an increase (or decrease) in price per unit of 20%, 
depending on the position of the triangle. Percentages show changes in eco-efficiencies relative to the 
baseline when optimizing for GWP, water depletion, or the overall environmental index, respectively.  
Percentages shown in parentheses (%) represent changes in eco-efficiencies associated with GWP and 
percentages shown in brackets [%] represent changes in eco-efficiencies associated with water depletion 
when the environmental index is minimized. In some cases, eco-efficiency worsens for one index, either 
GWP or water depletion, which indicates greater environmental burden per dollar spend than the baseline 
impacts per dollar; nevertheless, both the silo and portfolio approaches result in overall lower impacts than 
the baseline.   
 
 
 
 
 
 
 
 
 
 

Attribute Pricing Scenarios Eco-Efficiency Improvement
(Relative to Conventional Eco-Efficiency)

Discount Attributes Premium Attributes Pricing 
Scenario

Impact Categories Silos Portfolio

Baseline 
Discount and 

Premium

GWP -27.5% -37.5%
Water Depletion -23.2% -37.0%
Environmental 

Index
-21.9%

(-23.4%),[-21.7%]
-36.7%

(-33.9%),[-37.0%]

D+ , P+

GWP 0.0% -6.1%
Water Depletion 0.3% -7.4%
Environmental 

Index
1.3%

(1.1%),[1.3%]
-7.3%

(-5.9%),[-7.4%]

D+ , P-

GWP -34.1% -40.0%
Water Depletion -39.8% -42.6%
Environmental 

Index
-38.5%

(-33.1%),[-39.1%]
-41.8%

(-36.5%),[-42.5%]

D- , P+

GWP -27.0% -36.9%
Water Depletion -24.8% -36.1%
Environmental 

Index
-22.9%

(-23.2%),[-22.8%]
-35.8%

(-33.6%),[-36.1%]

D- , P-

GWP -33.3% -40.0%
Water Depletion -39.2% -42.6%
Environmental 

Index
-36.9%

(-31.6%),[-37.6%]
-41.1%

(-35.4%),[-41.8%]
InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

$ $

$$

$ $

$ $

$ $
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Table A. 5. Eco-Efficiency sensitivity analysis for alternative spend and alternative minimum and maximum 
hotspot percentage values.  

 
 
Eco-efficiency improvements represent the percent difference between the baseline eco-efficiency (impact 
per dollar spend) and the optimal eco-efficiencies for the case where purchasing decisions are made by 
purchasing silos versus coordinated purchasing across the portfolio, for GWP, water depletion and an 
environmental performance index. The eco-efficiencies for the silo and portfolio approaches are a result of 
minimizing GWP and/or water depletion subject to maintaining less than or equal to current budget spend. 
Negative values represent improvements in eco-efficiency (i.e. reduced impact per dollar) relative to 
conventional baseline purchases. Minimum and maximum hotspot % value scenarios represent alternative 
total impact characterizations for each product category, and alternative environmental attribute 
performance. Parameter specifics related to each scenario are found in the associated figures indicated. 
Percentages show changes in eco-efficiencies relative to the baseline when optimizing for GWP, water 
depletion, or the overall environmental index, respectively.  Percentages shown in parentheses (%) 
represent changes in eco-efficiencies associated with GWP and percentages shown in brackets [%] 
represent changes in eco-efficiencies associated with water depletion when the environmental index is 
minimized. Both the silo and portfolio approaches result in overall lower impacts than the baseline, 
however, under all parameter scenarios the portfolio approach performs better than the silo approach.   

 
 
 
 
 

 
 
 
 
 
 
 

 

Parameters

Eco-Efficiency Improvement
(Relative to Conventional Eco-Efficiency)

Scenario Impact Categories Silos Portfolio

See Figure S7 and S6 Baseline Spend and 
Hotspot %

GWP -27.5% -37.5%
Water Depletion -23.3% -37.0%
Environmental 

Index
-21.9%

(-23.4%),[-21.7%]
-36.7%

(-33.9%),[-37.0%]

See Figure S7
Alternative Relative 
Spend and Baseline 

Hotspot %

GWP -32.7% -45.0%
Water Depletion -27.8% -47.9%
Environmental 

Index
-19.4%

(-21.4%),[-23.7%]
-46.6%

(-42.8%),[-50.5%]

See Figure S6 Baseline Spend and 
Minimum Hotspot %

GWP -27.4% -36.9%
Water Depletion -16.8% -28.4%
Environmental 

Index
-15.9%

(-23.4%),[-24.6%]
-28.9%

(-33.9%),[-40.0%]

See Figure S6 Baseline Spend and
Maximum Hotspot %

GWP -37.3% -47.2%
Water Depletion -26.6% -40.0%
Environmental 

Index
-25.6%

(-23.4%),[-21.7%]
-40.0%

(-33.9%),[-40.0%]
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Table A. 6. Hotspot Scenario Analysis results and characterization of baseline and attribute prices. 

 
Minimum and maximum hotspot parameter values are determined from EIO and literature sources adjusted 
to cradle-to-gate system boundaries and represent a possible range of hotspot contributions to total impact.  
 
 

GWP Water GWP Water GWP Water

Low Intensity Harvest -9.8% -2.2% -12.4% 0.0% 267.57
High Intensity Harvest 9.4% -2.2% 2.6% 0.0% 270.43
Electric Efficiency -8.7% -5.3% -23.3% -12.1% 268.33
Wind Electricity -28.6% -17.4% -77.0% -40.0% 299.67
Biomass Thermal -54.2% -33.1% -1.3% -0.7% 265.37
75% Recycled Content 4.2% 2.6% -57.2% -29.7% 272.37

Electric Efficiency + Biomass Thermal -62.9% -38.4% -24.6% -12.8% 264.70

Wind Electricity + Biomass Thermal -82.8% -50.5% -78.3% -40.7% 296.03
75% Recycled Content + Electric Efficiency 1.4% -2.7% -75.4% -41.8% 268.07
75% Recycled Content + Wind Electricity -5.0% -14.9% -117.7% -69.8% 303.04
75% Recycled Content  + Biomass Thermal -70.0% -30.5% -58.0% -30.4% 268.74
75% Recycled Content  + Electric Efficiency + Biomass Thermal -72.8% -35.8% -76.3% -42.5% 268.07

75% Recycled Content + Wind Electricity + Biomass Thermal -79.2% -48.0% -118.6% -70.4% 299.41
Electric Efficiency -12.7% -3.1% -10.3% -1.5% 267.25
Thermal Efficiency -15.0% -3.6% -0.3% 0.0% 265.77
Wind Electricity -21.8% -5.2% -34.7% -5.2% 299.67
Electric Efficiency + Thermal Efficiency -27.7% -6.7% -10.6% -1.6% 264.02
Thermal Efficiency + Wind Electricity -36.8% -8.8% -35.0% -5.3% 296.44
Low Intensity Harvest -9.8% 2.2% -12.2% 0.0% 270.56
High Intensity Harvest 9.3% -2.1% 2.8% 0.0% 273.44
Electric Efficiency -9.6% -5.9% -22.4% -11.7% 271.32
Wind Electricity -31.5% -19.2% -74.2% -38.6% 303.01
Biomass Thermal -44.1% -26.9% -1.3% -0.7% 268.33
75% Recycled Content -15.7% -9.6% -57.8% -30.1% 275.83
Electric Efficiency + Biomass Thermal -53.7% -32.8% -23.7% -12.3% 267.65
Wind Electricity + Biomass Thermal -75.6% -46.1% -75.5% -39.2% 299.34
75% Recycled Content + Electric Efficiency -20.4% -15.4% -76.2% -41.7% 271.48
75% Recycled Content + Wind Electricity -31.1% -28.8% -117.8% -68.6% 306.84
75% Recycled Content  + Biomass Thermal -109.4% -36.5% -58.8% -30.7% 272.16
75% Recycled Content  + Electric Efficiency + Biomass Thermal -114.1% -42.4% -77.1% -42.4% 271.48
75% Recycled Content + Wind Electricity + Biomass Thermal -124.8% -55.7% -118.8% -69.3% 303.17
Electric Efficiency -5.7% -1.4% -6.6% -1.0% 270.23
Thermal Efficiency -7.4% -1.8% -0.2% 0.0% 268.74
Wind Electricity -12.3% -3.0% -23.0% -3.5% 303.01
Electric Efficiency + Thermal Efficiency -13.2% -3.2% -6.8% -1.0% 266.97
Thermal Efficiency + Wind Electricity -19.7% -4.7% -23.2% -3.5% 299.74
Conventional formulation (palm kernel oil) 10.7% 5.2% 4.9% 4.0% 18.41
Conventional formulation (coconut oil) -6.8% -3.3% 0.3% 0.2% 18.41
GS37 formulation (petro) 32.3% 15.8% -9.9% -8.1% 12.41
GS37 formulation (palm kernel oil) 44.7% 21.9% -9.6% -7.9% 14.60
GS37 formulation (coconut oil) 24.6% 12.0% -4.4% -3.6% 14.60
Recycled HDPE -36.9% -8.1% -1.0% -0.2% 14.18
Wind Electricity -31.3% -6.9% -90.4% -16.3% 18.07
Electric Efficiency -9.4% -2.1% -27.4% -4.9% 16.20
Large HDPE bucket -21.9% -4.8% -21.7% -3.9% 16.04
Recycled HDPE + Wind Electricity -68.2% -15.0% -91.4% -16.4% 16.03
Recycled HDPE + Electric Efficiency -46.4% -10.2% -28.3% -5.1% 14.16
Large HDPE bucket + Recycled HDPE -50.6% -11.1% -22.6% -4.1% 14.00
Large HDPE bucket + Wind Electricity -46.4% -10.2% -92.5% -16.7% 17.89
Large HDPE bucket  + Electric Efficiency -29.2% -6.4% -43.3% -7.8% 16.03
Large HDPE bucket  + Recycled HDPE  + Wind Electricity -75.1% -16.5% -93.5% -16.8% 15.85
Large HDPE bucket + Recycled HDPE + Electric Efficiency -57.9% -12.7% -44.3% -8.0% 13.99

Electricity Production 100% 100% NA NA NA NA Wind Electricity -39.0% -39.0% -32.0% -32.0% 0.08 0.07 kWh
Conventionally Farmed Wheat Substitute -37.5% -37.5% -37.5% -37.5% 5.26
Precision Farmed Wheat Substitute -51.8% -51.8% -43.1% -43.1% 6.48
Organic Wheat Substitute 148.0% 148.0% 194.2% 194.2% 9.30
Precision Farmed Corn -13.5% -13.5% -5.8% -5.8% 3.71
Organic Corn 22.0% 22.0% 74.2% 74.2% 4.12
Conventionally Farmed Corn Substitute 61.0% 61.0% 60.0% 60.0% 4.23
Precision Farmed Corn Substitute 39.0% 39.0% 50.8% 50.8% 3.71
Organic Corn Substitute 95.0% 95.0% 178.8% 178.8% 9.55
Precision Farmed Wheat -23.0% -23.0% -8.9% -8.9% 6.47
Organic Wheat 299.0% 299.0% 370.8% 370.8% 9.31
Lightweighting 15.8% 15.8% -20.0% -20.0% 4.80
Lightweighting (recycled HDPE) 1.0% 1.0% -20.0% -20.0% 4.23
Recycled HDPE -70.0% -70.0% -0.1% -0.1% 3.98
LDPE 84.3% 49.7% -46.3% -30.1% 2.40
PET 156.2% 92.2% 10.2% 6.6% 2.31
PP 68.6% 40.5% -65.0% -42.2% 2.39
HDPE 56.2% 33.2% -72.2% -46.9% 2.40
Biobased (corn) LDPE 111.8% 65.9% 166.5% 108.2% 2.61
Biobased (corn) PET 77.1% 45.5% 4.1% 2.7% 2.52
Biobased (corn) PP 154.9% 91.4% 189.6% 123.2% 2.60
Biobased (sugar cane) LDPE -39.9% -23.6% 176.0% 114.4% 2.54
Biobased (sugar cane) PET 50.3% 29.7% 29.1% 18.9% 2.46
Biobased (sugar cane) PP -8.5% -5.0% 199.1% 129.4% 2.53
Recycled PET -22.9% -13.5% 0.0% 0.0% 1.86
Recycled HDPE -60.0% -35.4% 0.0% 0.0% 2.09
Electric Efficiency -22.3% -6.5% -26.8% -8.2% 2.33
Wind Electricity -73.8% -21.4% -88.1% -26.9% 2.61
Thermal Efficiency -2.9% -0.8% -0.1% 0.0% 2.31
Thermal Efficiency + Electric Efficiency -25.2% -7.3% -26.9% -7.8% 2.30
Wind Electricity + Thermal Efficiency -76.7% -22.2% -88.2% -25.6% 2.58

Increment/ 
Reduction 
in Hotspot 

Impact

Increment/ 
Reduction 

in Total 
Impact

Corn Grain Farming

Cleaning                 
Compounds

Baseline 
Hotpot % 

Contribution to 
Total Impact

Fiber Mills 52% 53% 62%

Containerboard 
Converting 

Plant
5% 22% 25%24% 15%

Increment/ 
Reduction in 

Hotspot 
Impact

Increment/ 
Reduction 

in Total 
Impact

Wood 
Harvesting/Extr

action
0.01% -46% 10%

Hotspot Stage

0%

Grain FarmingWheat

Plastic Bag Manufacturing

Resin 
Manufacturing

Film 
Manufacturing

Platstic Film

Paperboard

Soap and 
Detergent 

Manufacturing

Soap and 
Detergent 
Packaging

0.01% 10%

61% 69%42%

15%

Product Environmental Attribute(s)

Minimum 
Hotspot % 

Contribution 
to Total 
Impact

Maxiumum 
Hotspot % 

Contribution to 
Total Impact

52%

5%

-46% 0%

53% 62%

22% 25%24% 26%

Fiber Mills

Containerboard 
Converting 

Plant

Wood 
Harvesting/Extr

action
-23%

26%

89%18%49%

22% 12% 29%

-23% 0% 0%

61% 42% 69%

NA NA NA

19%11%18%

89%75%82%

31%1%31%

57% 59%55%

40%19%29%

Corrugated               
Board

3.55

5.51

269

GWP Water

99%30%65%

100% 100% NA NA NA NA

NA

100% NA NA NA NA

100%

100%

100%

4.55

2.34

Bu

Bu

Kg

Kg

Product 
Prices 

with 
Attributes 

($/unit)

Unit

Ton

272 Ton

16.22 Gallon

Baseline 
Product 

Price 
($/unit)
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Table A. 7. Baseline and sensitivity analysis parameters for relative product category spend, impacts per million dollars spend, and the resulting total 
impacts for each product category.  

 
Impacts per million dollars are determined by a combination of cumulative hotspot percentage estimates and baseline unit prices (see table S8 and S6 for 
details), resulting in changes to impact/$M under the minimum and maximum hotspot parameter values. Due to limited accessibility to bill of goods 
information for BFC manufacturers, spend information is instead derived from BEA EIO tables representing average industry economic flows. To 
explore the implications of alternative relative product spend on the performance of the portfolio approach compared to the silo approach, we deviated 
somewhat arbitrarily from the baseline spend simply by switching the product category spend proportions within an industry. For example, within the 
grain industry, corn is given greater spend in the baseline, whereas for the alternative spend scenario, wheat is given greater spend. For product 
categories that do not share an industry, the baseline spend was arbitrarily increased by 10%. In this study, we found electricity to contribute greatest to 
water use across all categories, however we suspect this is partly due to the fact that the LCA models for the other product categories include datasets 
from USLCI which are often limited in characterizing water use, therefore water impacts in these categories are likely systematically underestimated 
compared to electricity, which uses EcoInvent data and is able to capture water impacts well.  
 
 

 

 

 

 

 

 

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

Corn 40549.02 6594.28 2476.62 100.42 839256.70 34031.03 2476.62 16.33 839256.70 5534.29 2476.62 100.42 839256.70 34031.03 2476.62 100.42 839256.70 34031.03

Wheat 6594.28 40549.02 909.25 6.00 130482.37 860.44 909.25 36.87 130482.37 5290.93 909.25 6.00 130482.37 860.44 909.25 6.00 130482.37 860.44

Paperboard 14498.48 52876.80 4143.10 60.07 1985904.19 28792.59 4143.10 219.07 1985904.19 105008.26 4709.10 68.27 2823693.65 40939.26 3695.89 53.58 1374475.46 19927.80

Cardboard 52876.80 14498.48 3021.44 159.76 1316414.97 69607.81 3021.44 43.81 1316414.97 19086.01 3434.21 181.59 1871768.34 98973.12 2695.30 142.52 911111.46 48176.66

Cleaning Compounds 2131.11 2344.23 60.26 0.13 24635.26 52.50 60.26 0.14 24635.26 57.75 139.34 0.30 28608.69 60.97 42.36 0.09 24635.26 52.50

Plastic bag 2501.01 2104.63 1080.51 2.70 179404.72 448.69 1080.51 2.27 179404.72 377.58 1080.51 2.70 179404.72 448.69 1080.51 2.70 179404.72 448.69

Plastic Film 2104.63 2501.01 1350.19 2.84 384205.68 808.61 1350.19 3.38 384205.68 960.90 1579.82 3.32 1178643.89 2480.61 1178.85 2.48 365379.61 768.99

Electricity 7002.23 7702.46 12082.91 84.61 11192216.95 78370.51 12082.91 93.07 11192216.95 86207.56 12082.91 84.61 11192216.95 78370.51 12082.91 84.61 11192216.95 78370.51

Baseline Alternative Spend Minimum Hotspot Parameter Values Maxiumum Hotspot Parameter Values

Product Categories Spend ($)
Alternative 
Spend ($)
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Table A. 8. Total GWP impact characterization for each product category, methods and results.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Baseline Product 
Price ($/unit)

Process-LCA 
Cumulative Hotspot   

Kg CO2e/unit

Cumulative Hotspot 
Kg CO2e/$

Cumulative 
Hotspot % 

Contribution to 
Total Impact

Total Kg 
CO2e/$

Product 
Category 

Spend

Total Kg 
CO2e

A B C = B/A D E=C/D F G = E x F

Corrugated Board Kg 0.297 0.69 2.33 85% 2.74 52876.80 144935
Paperboard Kg 0.300 0.96 3.20 85% 3.76 14498.48 54493

Film Kg 2.34 2.46 1.05 86% 1.22 2104.63 2578
Bag Kg 4.55 4.46 0.98 100% 0.98 2501.01 2452
Corn Kg 0.14 0.31 2.25 100% 2.25 40549.02 91103

Wheat Kg 0.20 0.17 0.82 100% 0.82 6594.28 5439
Electricity kWh 0.07 0.77 11.00 100% 11.00 7002.23 76755

Cleaning Compounds Gal 16.22 0.62 0.04 70% 0.05 2131.11 116

UnitProduct Category
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Table A. 9. Shadow prices on budget constraints and sensitivity of shadow price estimates. 

 

Shadow prices indicate the change in environmental impact when an additional dollar of spend is allocated 
to each product category (in silo approach) and to the portfolio budget (in portfolio approach) (i.e. the 
impact return from additional $ spend).  The shadow prices are a result of the optimal product option 
selections for each additional dollar; the size of the budgetary range for which the shadow prices are 
constant (D) indicates the magnitude for which the optimal product selections are stable, indicating how 
sensitive the selected product results are to perturbations in the original budget allocation. Greater stability 
in product selections likely leads to lower transaction costs associated with supplier transitions. Comparing 
the D’s of the two approaches, the product options selected under the portfolio approach are overall more 
stable than the selections made under the silo approach. A shadow price of zero means that reduction 
opportunities are accessible at a discount, therefore the budget is not restrictive for reducing impacts; thus 
indicating the departments ripe for reallocation of funds. The information gained from an assessment of 
shadow prices further highlights the usefulness of the HSA-PPO approach as a tool for EPP managers. 
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Table A. 10. Shadow prices on the physical unit constraints and sensitivity of shadow price estimates. 

 

Shadow prices indicate the change in environmental impact in each product category (in silo approach) and 
across categories (in portfolio approach) when an additional unit of product is required within each product 
category.  The shadow prices are a result of the optimal products selected for each additional unit 
requirement; the size of the physical unit range for which the shadow price is constant (D) indicates the 
magnitude for which the optimal product selections are stable, indicating how sensitive the selected product 
results are to perturbations in the original physical unit requirements. Comparing the D’s of the two 
approaches, the product options selected under the portfolio approach are overall more stable than the 
selections made under the silo approach.  
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Table A. 11. Containerboard (Corrugated Board and Paperboard) Environmental Attribute Definitions.  

 
 

Table A. 12. Cleaning Compound Environmental Attribute Definitions.  

Hotspot stages Attributes Definitions 
Soaps and 
Detergents 
Manufacturing 

Conventional formulation 
(palm kernel oil) 

Formulation composition (by weight): 
• Palm kernel oil Alcohol Ethoxylate (AE7): 10%; 
• Dipropylene Glycol Monomethyl Ether (DGME): 2.5% 
• Soda powder (Sodium Carbonate): 2.5% 
• Sodium Hydroxide (NaOH): 2.5% 
• Water: 82.5% 

Conventional formulation 
(coconut oil) 

Formulation composition (by weight): 
• Coconut oil Alcohol Ethoxylate (AE7): 10%; 
• Dipropylene Glycol Monomethyl Ether (DGME): 2.5% 
• Soda powder (Sodium Carbonate): 2.5% 
• Sodium Hydroxide (NaOH): 2.5% 
• Water: 82.5% 

GS37 formulation (petro) Formulation composition (by weight): 
• Petro-based Alcohol Ethoxylate (AE7): 11.5%; 
• Starch (Polyglucose): 7.5% 
• Alkylbenzene Sulfonate (linear petrochemical): 3.0% 
• Citric Acid (from starch): 2.5% 
• Water: 75.5% 

GS37 formulation (palm 
kernel oil 

Formulation composition (by weight): 
• Palm kernel oil Alcohol Ethoxylate (AE7): 11.5%; 
• Starch (Polyglucose): 7.5% 
• Alkylbenzene Sulfonate (linear petrochemical): 3.0% 
• Citric Acid (from starch): 2.5% 
• Water: 75.5% 

GS37 formulation (coconut 
oil) 

Formulation composition (by weight): 
• Coconut oil Alcohol Ethoxylate (AE7): 11.5%; 
• Starch (Polyglucose): 7.5% 
• Alkylbenzene Sulfonate (linear petrochemical): 3.0% 
• Citric Acid (from starch): 2.5% 
• Water: 75.5% 

Soaps and 
Detergents 
Packaging 

Large Bucket HDPE bucket can hold 275 gal liquid 
Recycled HDPE Bucket made from 100% recycled HDPE plastic 
Wind Electricity 100% of purchased electricity is generated from wind 

power 
Electric Efficiency 30% increase in electric efficiency (i.e. electricity 

consumption decreases by 30%) 
 

Hotspot stages Attributes Definitions 
Wood Harvesting 
/Extraction 

Low Intensity Harvest Forests are harvested at low intensity (considers 
harvested timber volume relative to the net annual 
increment) 

High Intensity Harvest Forests are harvested at high intensity (considers 
harvested timber volumes relative to the net annual 
increment) 

Paper and Paperboard 
Mills 

Electric Efficiency 30% increase in electric efficiency (i.e. electricity 
consumption decreases by 30%) 

Wind Electricity 100% of purchased electricity is generated from wind 
power 

Biomass Thermal 100% of the thermal energy internally generated from 
fossil sources is substituted with solid biomass 

75% Recycled content 75% (wt) of the board composition is made from post-
consumer recycled fibers 

Containerboard Box 
Manufacturing 

Electric Efficiency 30% increase in electric efficiency (i.e. electricity 
consumption decreases by 30%) 

Thermal Efficiency 30% increase in thermal energy efficiency (i.e. thermal 
energy consumption decreases by 30%) 

Wind Electricity  100% of purchased electricity is generated from wind 
power 
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Table A. 13. Plastic Film Environmental Attribute Definitions.  

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table A. 14. Corn Environmental Attribute Definitions.  

Hotspot Attributes Definition 

Grain Farming  
(captures all upstream impacts) 

Organic Wheat grain substitute 
Wheat are farmed using organic practices (no 
synthetic fertilizers, no herbicides/pesticides) 
is used to substitute corn grain in products 

Precision Farmed Wheat grain 
substitute 

Wheat is farmed using precision agriculture 
technology such as variable rate fertilization 
is used to substitute corn grain in products 

Wheat grain substitute Wheat grain is used to substitute corn grain 
in products 

Precision farmed corn  Corn is farmed using precision agriculture 
technology such as variable rate fertilization  

Organic corn  
Organic corn grain using organic practices 
(no synthetic fertilizers, no 
herbicides/pesticides)  

 
 
 

 

 

 

 

Hotspot stages Attributes Definitions 
Resin 
Manufacturing 

LDPE Low Density Polyethylene resin produced from fossil-fuel 
sources 

PET Polyethylene Terephthalate resin produced from fossil-fuel 
sources 

PP Polypropylene resin produced from fossil-fuel sources 

HDPE High Density Polyethylene resin produced from fossil-fuel 
sources 

Biobased (corn) LDPE Low Density Polyethylene resin (fossil produced ethylene 
replaced with ethylene produced from corn feedstocks) 

Biobased (corn) PET Polyethylene terephthalate resin (fossil produced ethylene glycol 
replaced with ethylene glycol produced from corn feedstock) 

Biobased (corn) PP Polypropylene resin (fossil produced ethylene replaced with 
ethylene produced from corn feedstock) 

Biobased (sugar cane) 
LDPE 

Low Density Polyethylene resin (fossil produced ethylene 
replaced with ethylene produced from sugar cane feedstocks) 

Biobased (sugar cane) 
PET 

Polyethylene terephthalate resin (fossil produced ethylene glycol 
replaced with ethylene glycol produced from sugar cane 
feedstock) 

Biobased (sugar cane) PP Polypropylene resin (fossil produced ethylene replaced with 
ethylene produced from sugar cane feedstock) 

Recycled PET Polyethylene Terephthalate resin produced from post-consumer 
recycled PET 

Recycled HDPE High Density Polyethylene resin produced from post-consumer 
recycled HDPE 

Film 
Manufacturing 

Electric Efficiency 30% increase in electric efficiency (i.e. electricity consumption 
decreases by 30%) 

Wind Electricity 100% of purchased electricity is generated from wind power 
Thermal Efficiency 30% increase in thermal energy efficiency (i.e. thermal energy 

consumption decreases by 30%) 
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Table A. 15. Wheat Environmental Attribute Definitions.  

Hotspot Attributes Definition 

Grain Farming  
(captures all upstream impacts) 

Organic Wheat Wheat are farmed using organic practices (no 
synthetic fertilizers, no herbicides/pesticides) 

Precision Farmed Wheat Wheat is farmed using precision agriculture 
technology to use variable rate fertilization 

Corn grain substitute Corn grain is used to substitute wheat grain in 
products 

Precision farmed corn grain 
substitute 

Precision farmed corn grain using variable 
rate fertilization is used to substitute wheat 
grain in products 

Organic corn grain substitute 

Organic corn grain using organic practices 
(no synthetic fertilizers, no 
herbicides/pesticides) is used to substitute 
wheat grain in products 

 
Table A. 16. Plastic Bag Environmental Attribute Definitions.  

Hotspot Attributes Definitions 
Bag Manufacturing 
(captures all upstream impacts) 

Lightweighting Reinforced plastic bag used in place of paperboard 
Lightweighting (HDPE) Reinforced plastic bag made with recycled HDPE 

resin used in place of paperboard 
Recycled HDPE Plastic bag made with recycled HDPE resin 

 
Table A. 17. Electricity Environmental Attribute Definitions  

Hotspot Attributes Definitions 
Electricity Generation/Supply 
(captures all upstream impacts) 

Wind Electricity 100% of purchased electricity is generated from 
wind power 

 
 

 
Life Cycle Inventories  
 
 
Cleaning Compounds 
 
Baseline Input Assumptions:  
 
Table A. 18. Conventional Multi-Purpose Cleaner (Petrochemical ingredients). 
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1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
 
 
 
 
Environmental Attribute Input Assumptions: 
 
Manufacturing/Formulation Hotspot 
 

Table A. 19. Bio-based Cleaners.  

Parameter Dataset Unit Attribute 
Inventory Amount Source 

Alcohol Ethoxylate 
(AE7) (coconut oil) 

RER: ethoxylated alcohols (AE7), coconut 
oil, at plant [Sufactants (tensides)]1 

Kg/kg 
cleaner 

.100 
Kapur et al 

(2012) Alcohol Ethoxylate 
(AE7) (palm kernel 
oil) 

RER: ethoxylated alcohols (AE7), palm 
kernel oil, at plant [Surfactants (tensides)]1 .100 

1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
 
 
Table A. 20. GS37 Cleaners.  

Parameter Dataset Unit Attribute 
Inventory Amount Source 

Alcohol 
Ethoxylate 
(petrochemical) 

RER: ethoxylated alcohols (AE7), petrochemical, at 
plant [Surfactants (tensides)]1 

Kg/kg 
cleaner 

.115 

Kapur et al 
(2012) 

Alcohol 
Ethoxylate (AE7) 
(coconut oil) 

RER: ethoxylated alcohols (AE7), coconut oil, at 
plant [Surfactants (tensides)]1 .115 

Alcohol 
Ethoxylate (AE7) 
(palm kernel oil) 

RER: ethoxylated alcohols (AE7), palm kernel oil, at 
plant [Surfactants (tensides)]1 .115 

Starch (glucose) US: Starch (Polyglucose)4 .075 
Alkylbenzene 
Sulfonate 

RER: alkylbenzene sulfonate, linear, petrochemical, 
at plant [Surfactants (tesides)]1 .03 

Citric Acid from 
Starch 

US: Citric Acid (from starch)4 

.025 

Tap Water RER: tap water, at user (US electricity)1 .755 + 32 (from 
use phase) 

1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
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Primary Packaging Hotspot 
 
Table A. 21. Large bucket, Recycled Content, Electric Energy Efficiency, Wind Electricity for packaging.

  

Note: Primary packaging input value estimates for conventional cleaning compounds is provided by Dan 
Dagget from Sealed Air Corporation and Stan Mierzejewski from Tennant Company.  
1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net salable product (plastic bag) 
 
 
 
 
Plastic Films 
 
Table A. 22. Plastic Film Baseline Input Assumption.  

Hotspot Life 
Cycle Stage Parameter Dataset Unit 

Baseline 
Inventory 
Amount 

Source 

Resin 
Manufacturing 

LLDPE 
Granulate** 

EU-27: Polyethylene Linear Low 
Density Granulate (LLDPE/PE-LLD)4 

Kg/kg nsp 

1.02 Freedonia 2012 

RNA: Linear Low Density 
Polyethylene resin, at plant3 1.074 Baitz 2014 

DE: Granulator4 1.02 

EcoInvent 2013 Film 
Manufacturing 

Lubricating oil RER: lubricating oil, at plant1 1.071e-4 
Core board RER: core board, at plant1 7.47e-3 

LDPE* RER: polyethylene, LDPE, granulate, 
at plant1 2.19e-3 

PP* RER: polypropylene, granulate, at 
plant1 6.97e-4 

PVC* RER: polyvinylchloride, suspension 
polymerised, at plant1 4.98e-5 

Steam RER: steam, for chemical processes, 
at plant1 5.92e-2 

SBB RER: solid bleached board, SBB, at 
plant1 9.96e-4 
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Disposal 
CH: disposal, plastics, mixture, 
15.3% water, to municipal 
incineration 

2.46e-2 

Packaging Box* RER: packaging box production unit1 

Pcs/kg nsp 1.43e-9 
Flat Pallet RER: EUR-flat pallet1 1.47e-3 

Coal RER: heat, at hard coal industrial 
furnace 1-10 MW1 

MJ/kg nsp 

7.66e-2 

Natural Gas RER: heat, natural gas, at industrial 
furnace >100 kW1 6.13e-1 

Heavy Fuel Oil RER: heat, heavy fuel oil, at 
industrial furnace 1 MW1 1.37e-1 

Electricity US: electricity, medium voltage, at 
grid1 2.43 

Particle board RER: particle board, outdoor use, at 
plant1 M3/kg nsp 2.19e-5 

Water Water (elementary flow) 44.57 

Transport RER: transport, lorry 3.5-16t, fleet 
average1 Tkm/kg nsp 1.2e-2 

*Film extrusion dataset includes the materials (plastics, box, etc.) require to package the plastic film per kg  
**Water impacts taken from EU dataset due to availability of water data. GWP impacts taken from RNA 
dataset.  
1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net saleable product (plastic film) 
 
 
Environmental Attribute Input Assumptions 
 
Film Manufacturing Parameters 
 

Table A. 23. Electric Energy Efficiency (30% reduction in electricity), Wind electricity, Thermal Energy 
Efficiency (30% reduction in thermal energy requirements).  

1 EcoInvent 

Parameter Dataset Unit 

Attribute Inventory Amount 

Source Wind 
Electricity 

Thermal 
Energy 

Efficiency 

Electric 
Energy 

Efficiency 

Electricity US: electricity, medium voltage, at grid1 MJ/kg 
nsp 

0 2.43 1.7 

EcoInvent 
2013 

US: electricity from wind power1 2.43 0 0 

Natural Gas RER: heat, natural gas, at industrial 
furnace >100kW1 .613 .429 .613 

Coal RER: heat, at hard coal industrial furnace 
1-10MW1 7.51e-2 5.37e-2 7.51e-2 

Heavy Fuel 
Oil 

RER: heat, heavy fuel oil, at industrial 
furnace 1 MW1 

1.37e-1 9.57e-2 1.37e-1 

Biomass CH: heat, mixed chips from industry, at 
furnace 1000 kW1 0 0 0 

Water Water (elementary flow) 44.6 44.6 44.6 
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2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net saleable product (plastic film) 
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Resin Manufacturing Hotspot 
Table A. 24. Alternative Fossil Resin types (LDPE, PET, PP, HDPE), Alternative recycled resin types (HDPE, PET), and alternative Bio-based Resin 
types (LDPE, PET, PP) made from different renewable materials (corn, and sugarcane). 

 

*Only GWP impacts available, water impacts unavailable due to data availability 
1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net saleable product (plastic film) 
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Figure 4. 1. Fertilizer application rates (lbs. N per acre) across U.S. county corn production. 

 
NA
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Figure 4. 2. Fertilizer manufacturing GHG emissions (kg CO2e per Bu) from U.S. corn production. 

NA
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4.2.1.3 Irrigation Emissions 
 

Although the contribution to corn GHG emissions from irrigation represent a 

relatively small portion of total corn GHG emissions (see figure C.2), there is significant 

variation in irrigation impacts between counties. Some counties heavily irrigate while 

others rely solely on rain-fed sources. This variation is captured using the WATER 

model, which provides county estimates of the average irrigation water quantity used 

between 1998-2008 for corn production in the U.S., as determined through the purpose-

based allocation method (Chiu & Wu, 2012), see figure C.11. Combining these estimates 

with U.S. irrigation CO2e emission factors provides county-level estimates of irrigation 

induced GHG emissions and dividing by the average yield results in the average GHG 

emissions per bushel of corn associated with irrigation practices, see figure 4.4.  

 

4.2.1.4 Other Inputs to corn production 
 

To capture the full impacts of corn production, a static average emission factor 

was applied to capture the additional inputs used in corn farming. The emission factor of 

82.7 kg CO2e/ton corn excludes N fertilizers, N2O emissions and irrigation impacts, and 

includes average quantities of phosphorus, potassium, lime, pesticides/herbicides and fuel 

inputs used to produce a ton of corn (Hsu, et al., 2010). Using the study’s assumed yield 

of 175 bushels per acre, the emission factor is converted to kg CO2e/acre and divided by 

each corn producing county’s yield to provide a county-specific estimate of emissions 

from these other inputs into corn production per bushel of corn supplied from each 

county (figure 4.5).  The combined total GHG emissions of the U.S. corn production are 

illustrated in figure 4.6, showing significant variation across the supply landscape.  
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Figure 4. 3. Total direct and indirect on-field N2O emissions (kg CO2e per Bu). 

 
NANA

County	Corn	On-Field	Total	Nitrous	Oxide	Emissions	(kg	CO2e	per	Bushel) 
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Figure 4. 4. County irrigation emissions (kg CO2e per bushel). 

 
NA
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Figure 4. 5. County Corn Emissions (kg CO2e per bushel) from all other inputs not including nitrogen fertilizer upstream, on-field emissions and 
irrigation emissions. 
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Figure 4. 6. County Total Corn Production Emissions per Bushel (kg CO2e per Bushel). 

NA
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4.2.2 Livestock Production – Manure Management 
 

The emissions generated from manure management represent at least 30 percent 

of pork emissions, primarily from methane emissions, accounting for approximately 75 

percent of CO2e, and to a lesser extent, nitrous oxide emissions, accounting for the 

remaining 25 percent. There are several ways that swine manure is currently managed in 

the United States, including liquid slurry systems, deep pit storage, solid storage, pasture, 

anaerobic lagoons and anaerobic digester systems; each system having a different 

potential to generate methane and release nitrous oxide emissions (see table C.3 for 

description). Figure C.12 shows the estimated distribution of each manure management 

system used in each state (EPA, 2016c).  This study assumes these distributions reflect 

county practices because finer sub-state resolution data on the types of manure 

management systems (MMS) does not currently exist. The distributions are altered, 

however, to account for counties that have documented usage of anaerobic digesters that 

are operational based on information provided by the EPA’s AgSTAR database (EPA, 

2014).  The quantity of methane produced from each management system is highly 

dependent on the surrounding ambient temperatures, which is a function of both space 

and time. In accordance with the IPCC and EPA recommended methods for estimating 

methane emissions, the average ambient temperatures are used (EPA, 2016e; EPA, 

2016c). Figure C.13 in the appendix shows the variation in the relative average ambient 

temperature across counties and table C.7 shows the corresponding methane conversion 

factors for each MMS and temperature combination.  In addition to the type of MMS 

used and the temperature conditions in which the manure is managed, manure methane 

and N2O emissions are also based on a variety of animal specific parameters, including 

the volatile solids and nitrogen excretion rates, and the maximum methane producing 

capacity of the waste (EPA, 2016c). The volatile solids and N excretion rates vary based 

on the typical mass of the hogs, which changes throughout each successive growing 

phase. Table 4.2 shows the estimated total quantity of volatile solids and nitrogen 

excreted throughout each growing phase, and the combined total generated over a hog 

lifetime, which corresponds to approximately 268 pounds of finished hog mass (Thoma, 

et al., 2011; EPA, 2016e). In addition, following best practice methods, this study 
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allocates a portion of the manure emissions generated from breeding sows to each hog 

based on the average number of litters and number of piglets per litter, assumed to be 

approximately 3.5 litters and 9.5 piglets per litter, respectively (Thoma, et al., 2011). Due 

to the lack of data regarding inter-county transport of hogs within different growing 

stages, this study assumes that total lifetime manure is handled in the county in which the 

hog is sold/supplied to the processing facility.  

 
Table 4. 2. Total lifetime volatile solids and nitrogen excretion parameters across growing phases. 

 
1 Allocated to a single each head based on sow average of 3.5 litters with 9.5 heads per litter. 
2 Lifetime kg of volatile solids excreted per head (finished to weight of 268 lbs.). 
3 Lifetime kg of N excreted per head (finished to weight of 268 lbs.). 
 

The total quantity of methane generated per head (kg CH4/finished head) from 

hog manure management in each county, MMC is estimated by equation 2, where TVSC 

represents the total volatile solids generated per finished head (kg/head) in each county, 

MMSC represents the amount of manure handled in each management system (decimal) in 

the county, VSRC represents the volatile solids removed through solids separation 

activities (decimal), MCFMMS,T  is the methane conversion factor (decimal) for each 

manure management system and ambient temperature combination, B is the maximum 

methane production capacity per unit of volatile solid (m3/kg), and D is the density of 

methane, a constant of .662 m3/kg. 

Category
Sow Nursery Grow to Finish

Lifetime
TotalBreeding

Swine
Phase 

1
Phase 

2
Phase 

3
Grower 

1
Grower 

2
Finisher 

1
Finisher 

2
Finisher 

3

Days in period 553 7 14 21 24 23 22 23 24 158

Average Total Animal 
Mass (kg) 198 6 9 17 33 53 74 94 113 122

VS excretion rate (kg/day/ 
1000 kg animal) 2.6 8.8 8.8 8.8 5.4 5.4 5.4 5.4 5.4 na

Total VS (kg/ animal in 
growing period) 284.7 .36 1.1 3.1 4.3 6.6 8.8 11.7 14.7 na

Total VS (kg/finished 
head) 8.61 4.6 46.0 59.22

Nitrogen excretion rate 
(kg/day/ 1000 kg animal) .24 .6 .6 .6 .43 .43 .43 .43 .43 na

Total N excreted 
(kg/animal in growing 
period)

26.3 .03 .08 .21 .34 .53 .70 .93 1.17 na

Total N excreted
(kg/finished animal .791 .32 3.66 4.773
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!!" = 	 %&'"	×	!!'"	×	 1 − &'+" ×	,	×	!-.//0,2	×	3
//0

 

(2) 

 

For non-digester systems, MMSC, represents the total methane emitted from managed 

manure. For anaerobic digester (AD) systems, however, which are designed to capture 

and store manure methane for eventual combustion, the total quantity of methane emitted 

from these systems is based on the leakage rate of the system. More specifically, the total 

methane leakage in the county, MLC (kg CH4) is a function of the collection efficiency 

and destruction efficiency of the digester system, as described by equation 3. The first set 

of terms estimate the total methane gas emissions generated in covered anaerobic 

management systems, where AF represents the adjustment factor of .9, indicating that 

covered anaerobic systems produce about 90 percent of the maximum potential methane 

generated (Powers, et al., 2014). CE represents the methane collection efficiency 

(decimal) of the digester, and DE represents the destruction efficiency of the digester’s 

combustion process, which may vary based on the type of AD system. This study 

considers three types of AD systems, based on the agSTAR data, including complete mix 

systems, plug flow systems, and covered lagoon systems (see table C.4 for associated 

parameters).   The quantity of methane that is collected but not destroyed, and the 

quantity of methane that is not collected represents the portion of emissions that leak 

from these systems.  

 

!4" = 	 %&'"×,×5.×3 × -678× 1 − 3678 + (1 − -678)
78

 

(3) 

 

The methane that is captured in AD systems is either flared (i.e. combusted without 

energy recovery) or is converted to thermal energy and/or electricity typically for use on 

the farm (EPA 2010d). Through combustion, the manure methane is converted to carbon 

dioxide (CO2) which has a significantly lower warming potential than methane and in 
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fact, because the resulting CO2 is of biogenic origin, we consider the emissions to be 

neutral in accordance with the IPCC recommendations (IPCC, 2014).  The manure 

methane recovered for energy generation has the additional benefit of displacing 

conventional electricity or thermal energy generation emissions (EPA, 2010b; EPA, 

2016c). To determine the displacement benefits of energy recovery, ERC, it is first 

necessary to estimate the total quantity of methane that is combusted, as described by the 

first set of terms in equation 4.  EUC represents the percentage of manure methane that is 

used for different energy purposes in each county. The current study accounts for three 

different energy uses, including electricity generation, thermal energy generation 

(assuming displacement of natural gas), and cogeneration (both electricity and thermal 

energy generation) (EPA, 2010b). DEFEU is the displacement emissions factor for the 

displaced conventional energy use (kg CO2e/m3 CH4 utilized), as determined in equation 

5.  

 

6+" = %&'"×,×5.×-6×36 ×6<"×36.=>
=>

 

(4) 

 

36.=> = 6-!=>×-=>×-.?@×6.=> 

(5) 

 

ECMEU is the energy content of the methane or electricity generating potential (MJ/m3, or 

mwh/m3), depending on whether the fuel is used for thermal energy (assuming natural 

gas displacement) or electricity generation. CEU is the efficiency of the boiler or turbine 

system or collective efficiency of the cogeneration system. CFNG is the conversion factor 

for natural gas displacement (m3/MJ) and EFEU is the emission factors per unit of 

displaced electricity and/or natural gas (kg CO2e/Mwh conventional electricity and kg 

CO2e/m3 natural gas). The emissions factor associated with displacing electricity are 

based on the sub-regional non-baseload emission factors in which the county is located, 

as provided by the EPA’s eGRID database (Diem & Quiroz, 2012).  
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In addition to methane emissions, several management systems also produce 

nitrous oxide (N2O) emissions, which may occur directly through conversion of nitrogen 

to N2O, and through indirect conversion via secondary processes involving volatilization 

and leaching of manure nitrogen. Equation 6 estimates the quantity of direct N2O emitted 

in each county, DNC, where the total nitrogen excreted per finished head is represented by 

TNEC (kg/head, see table 2), NR is the total nitrogen removed through solids separation 

(decimal), NCFMMS is the N2O-N conversion factor generated from each manure 

management system (kg N2O-N/kg N, see table C.5), and K is the molar mass ratio of 

N2O to N (44 N2O/28 N2O-N) to convert to total N2O emissions.  

 

3A" = B× %A6"×!!'"×(1 − A+")×A-.//0
//0

 

(6) 

 

Indirect emissions of N2O are estimated in equation 7 based on the portion of 

nitrogen volatilized for each manure management system, VMMS (decimal), and the 

portion of N loss to leaching/runoff from each MMS, LMMS (decimal). The quantity of N 

volatilized and leached is then multiplied by its respective N2O-N emission factor, EFV 

and EFL, see table C.5 and C.6 for parameters (EPA, 2016c). 

 

CA" = B× %A6"×!!'"×(1 − A+") × &//0×6.& + 4//0×6.4
//0

 

(7) 

 

The total manure GHG emissions generated per finished head in each county, MGHGC 

(kg CO2e/head) is equal to the sum of manure methane emissions and direct/indirect N2O 

emissions, multiplied by the respective GWP of each GHG (see equation 8 and table C.1 

in appendix). In addition to direct emissions, the displaced emissions from thermal 

energy and electricity generation are also considered. The resulting unique county-level 

manure management emissions factors are illustrated in figure 4.7. Figures C.14-C.17 in 
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the appendix further illustrate the emission factor variation between GHG emission types, 

as well as the avoided emissions from anaerobic digester biogas use. 

 

!DED" = !!" +!4" ×DFG"HI +	 3A" + CA" ×DFG?JK + 6+"  

(8) 
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Figure 4. 7. GHG emissions from manure management (kg CO2e per finished hog) across county hog producer locations. 

 

NA
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4.2.3 Electricity in Pork Processing 
 

The final hotspot stage and input spatially investigated in the pork supply chain 

relates to electricity emissions in pork processing, as it is the primary driver of impacts 

from direct operations (Thoma, et al., 2011; Castellini, et al., 2012), and can vary 

significantly between counties due to the variation in the emissions profiles of electricity 

generation and supply (Diem & Quiroz, 2012). This variability is captured through the 

EPA’s eGRID data, which provides sub-regional annual average emission factors for 

electricity generated and consumed within 22 different sub-regions (see figure C.18 in 

appendix C, (EPA, 2015a)). Because more detailed data on facility specific electricity 

requirements is unavailable, its assumed that approximately 44.3 kWh per finished hog is 

required for processing (Fritzon & Berntsson, 2006). Due to transmission and distribution 

losses, the eGRID emission estimates are scaled based on the grid loss factors associated 

with each of the sub-regions which correspond to the additional electricity generated to 

satisfy end-user demand (Diem & Quiroz, 2012), resulting in the sub-regional emission 

factors detailed in table C.8. Total facility electricity impacts are determined by the 2012 

total annual processing capacity, as provided by the U.S. EPA Facility Registry Service 

(FRS) data (EPA, 2013). Figure 4.8 shows the total electricity impacts and impacts per 

processed hog for each pork processing facility. 

  

4.2.4. Other Pork Impacts 
 

The supply and demand model provides an estimate of the distance traveled from 

corn producing counties to livestock producing counties, and from livestock producing 

counties to processing facilities. This distance is combined with the estimated mass 

(assuming 56 lbs/bu and 268 lbs per head) that is transported, to determine the kgkm 

traveled for each supply chain stage. Additionally, the transportation emissions associated 

with DDGS supply to livestock counties and allocated upstream emissions from corn 

transport to ethanol facilities is included. The model distinguishes between distance 

traveled by rail versus truck, and applies the corresponding USLCI emission factors for 

diesel powered train and combination truck transport (NREL, 2012).  
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To estimate the total GHG emissions associated with each pork company and the pork 

industry, the spatially explicit emissions from corn production, manure management, 

electricity in processing, and transportation are combined with a U.S. average estimate of 

the other supply chain emissions from the pork supply chain, as provided by the National 

Pork Board LCA (Thoma, et al., 2011). The average emissions associated with the other 

feed types used in hog diets, other inputs used in processing, packaging, retail, and in-

home consumption, resulting in approximately .96 pounds CO2e per 4 ounces of boneless 

pork meat. These emission factors were converted to kg CO2 per finished hog using the 

assumptions that there is approximately .75 pounds of carcass for each pound of live 

weight, and .65 pounds of boneless meat per pound of carcass (Thoma, et al., 2011). This 

results in approximately 230 kg CO2e/finished hog for emissions from stages non-

spatially modeled.   
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Figure 4. 8. Electricity consumption emissions per hog processed across U.S. pork processing 2012 facilities. 
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4.3 Company-Specific Supply Chain Results 
 

 After linking the emission factors associated with corn, livestock and electricity 

supplies, to downstream demand via the cost-minimization ICF transport model and 

eGRID subregion locations (see figures C.26 and C.27 for details), we find that there is 

significant variation across pork processing companies in the total life cycle CO2e 

emissions generated per hog processed. This variation is driven entirely by the unique 

supply networks used to satisfy each company’s demand, as determined by infrastructural 

investments in processing facility locations and the assumption that supply chain logistics 

seek to minimize the total costs of supply. Figure 8 depicts the cumulative spatially 

modeled emissions per finished hog processed across processing companies, showing 

emission factors ranging between 183 to 465 kg CO2e per processed hog. The average 

and weighted average emission factors across companies are approximately 309 and 319 

kg CO2e/hog processed, respectively.  

Additional variation occurs within and across each hotspot stage, where some companies 

may have relatively high emissions from corn suppliers, but relatively low emissions 

from livestock suppliers regarding their manure management. The variance in the manure 

management emission factors across companies is substantial, reflecting the large 

differences in emissions generated from different combinations of manure management 

systems and the different temperature profiles. The variability in the emission factors for 

corn production is also sizable, and is largely driven by the differences in yield outputs, N 

fertilizer types and usage, on-field N2O emissions, and irrigation usage.  

The top five pork producers tend to hover around the industry mean, both in total 

emissions and across spatially modelled supply chain stages. This is likely due to the size 

of the demand from these companies which results in a more diversified supply footprint. 

A larger supply footprint is likely to pull from both high and low emitting producers to 

satisfy the quantity demanded, which tends to smooth out the companies average 

emission factor. This is compared to smaller companies which draw supplies from fewer 

locations that may have high or low associated emissions; this lower diversity in sourcing 

locations results in a more limited ability to smooth emissions and instead produces 
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greater variance across small-sized companies with relatively low levels of demand. 

Figure 4.8 further reveals the relative contribution of emissions across inputs and supply 

chain stages for each U.S. producer. A trend is apparent in that manure management 

emissions seem to drive the majority of emissions across companies, followed by corn 

production, electricity use in processing, and total transport, as is consistent with the 

literature.  

 The cumulative, spatially assessed hotspots represent approximately 56 percent of 

the total cradle-to-grave pork GHG emissions, assuming an average emission factor for 

the other supply chain stages, as discussed above. Across companies, the cumulative 

hotspot emissions can account for between 44 and 67 percent of the total GHG emissions. 

Regarding total cradle-to-gate emissions, however, which represent the portion of total 

emissions that producers are more able to influence compared to downstream emissions 

from retailers and consumer use, the cumulative spatialized hotspots represent on average 

84 percent of the total cradle-to-gate, with a range of 77 to 89 percent across companies. 

Companies are thus able to influence a substantial portion of cradle-to-gate emissions by 

addressing these hotspot areas in their supply chains. Due to resource limitations, 

however, it is necessary to prioritize the most impactful supply chain stages and supplier 

locations, which will vary between companies.  A rating system is used to determine 

where each company should prioritize supply chain engagement resources. Suppliers are 

ranked across stages based on both the total annual emissions and the emission intensity 

(i.e. CO2e per processed hog). The top 20 percent most impactful supply locations are 

assigned a value of 5, the top 60-80 percent are assigned a value of 4, the mid 40-60 

percent a value of 3, the lower 20-40 percent a value of 2, and the bottom 20 percent a 

value of 1. The ranked supplier locations are summed across the total emissions and 

emission intensity metrics, resulting in a ranked scale ranging from 2 to10, from least 

priority to greatest priority.  

 Figure 4.9 shows the top five pork producer’s respective supply network 

priorities, across corn, manure management and processing hotspot stages. These priority 

areas indicate the supplier locations and stages that should take precedence for supply 

chain engagement resources aimed at reducing supply chain impacts.  The figure shows 

that livestock producers’ corresponding manure management emissions should be 
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prioritized for GSCM engagement efforts across each of the five companies, as indicated 

by the red counties. These counties represent locations that supply large quantities of 

product to the respective companies, which scale overall emissions, and represent the 

worst emissions efficiency (kg CO2 per hog) compared to other suppliers in each 

company’s supply network. The underlying metrics driving the priority assessment, in 

terms of the total emissions generated and the emission intensity of each spatially 

modeled supply chain stage for the top five companies are depicted in figures C.19 to 

C.23. These figures further help to illustrate the wide variation in environmental impacts 

associated with these large supply networks, allowing the variation in impacts to be 

smoothed resulting in average emissions intensities resembling the overall industry 

average, as discussed above.  

The wide variation in impacts that exist in the supply networks of individual 

companies provides strong evidence for why such spatial knowledge is necessary to more 

efficiently target supply chain environmental improvement efforts. These results, for 

example, suggest that on average, manure management GHG emissions account for 46 

percent of cradle-to-gate emissions, and 31 percent of cradle-to-grave emissions, with a 

range of 33 to 64 percent and 20 to 46 percent, respectively, across pork producers. The 

path to achieving large emission reductions in these priority areas becomes apparent in 

figure C.6 and C.7, which shows the comparative emissions of different manure 

management systems. As is evident in the figures, significant quantities of emissions 

could be saved if a greater composition of manure was managed in anaerobic digester 

systems, across a variety of digester types and biogas uses. However, to better inform 

such decisions, economic costs would need to be weighed in conjunction with the relative 

benefits of different management systems and biogas uses (e.g. GHG reductions), as well 

as across other prioritized supply chain stages. There are several county corn suppliers 

that rank relatively high, for example, as indicated by the orange and yellow counties in 

figure 4.9, which may have low cost management options available that lead to 

comparatively large GHG reductions. Assessing the eco-efficiencies of alternative 

management options in each prioritized supply location would help to illuminate what 

counties to further prioritize by determining which strategies in each location are most 

effective at reducing impacts at the lowest costs (Pelton, et al., 2016).  
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Combining the inter-regional commodity transport flows with the spatial 

emissions allows not only a bottom-up, company-specific estimate of environmental 

impacts but also a bottom-up assessment of total industry emissions. Summing each U.S. 

company’s cradle-to-gate and cradle-to-grave impacts results in 46.899 million tons and 

68.736 million tons, respectively, of annual CO2e emissions from the pork industry. 

Figure C.24 shows the pork processing company contribution to the U.S. industry total 

life cycle GHG emissions (kg of CO2e per year). Results show that the top five 

processors contribute almost three quarters of the total industry’s CO2e emissions 

(approximately 73 percent), which tracks well with their combined market share at a 

corresponding 71 to 73 percent. Figure C.25 compares the percent of market share for 

each company to the percent of total industry emissions attributed to each company’s 

operations. These results indicate that, although the total emissions on average track well 

with the percent market share of companies, some companies produce proportionally 

more emissions than would be explained by market share alone, and some produce 

proportionally less. These proportionality differences are instead attributed to the 

variation in the supply networks’ unique combination of spatially explicit emissions. 

Together, figure C.24 and C.25 suggest that if just the top few companies engage in 

supply chain improvement efforts with the most impactful suppliers, as indicated by the 

prioritization assessment, there is huge potential to significantly influence the future 

emissions of the pork industry. Although the prioritization assessment demonstrated in 

this study is based solely on the global warming potential impact category, the method 

can be applied to any alternative impact category, such as water use, water quality and 

human health, or applied to a weighted index combining several impact categories.       

 
 
4.4 Discussion 
 

The results of this streamlined spatial LCA provides companies within the U.S. pork 

processing industry with valuable insight into their company-specific life cycle GHG 

emissions generated from the production and consumption of their pork meat. This 

greater specificity significantly improves the value of environmental assessments, 
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compared to the typically used national average estimates from process-based or input-

output based models, as it lends greater clarity to GSCM decisions and increases overall 

business intelligence about supply chains and exposures to risks.  Such streamlined, 

spatial methods using inter-regional commodity flow information, when applied across 

companies, can also provide bottom up estimates of total industry impacts that may be 

able to achieve greater accuracy compared to top-down approaches by being able to 

capture the large variation in highly heterogeneous supply landscapes, due to differences 

in management practices, environmental conditions and material/energy inputs used 

(Yang & Heijungs, 2016; Yang, 2015).  

Due to the increased granularity of data required for such spatial assessments, however, 

several assumptions are made to overcome data limitations, thus manifesting in sources 

of uncertainty in the emission estimates. The inter-regional commodity transport model, 

for example, is limited in that it does not explicitly account for the grain aggregators in 

the supply chain, which may or may not significantly change supply networks. The 

model also does not account for any trade between livestock producers, which requires 

the environmental assessment to assume that the estimated hog supplying counties are 

also the location that the hogs are raised throughout the different growing phases. This 

means the same manure management system distribution is assumed to be used for each 

growing phase’s respective total volatile solids and nitrogen excretion output. According 

to industry partners, however, this assumption is flawed because hog producers tend to 

specialize in specific growing phases of production, such as farrow-to-wean and wean-to-

finish, where the early growth stages are often transported to alternative locations to 

finish the subsequent growth phases. It is unclear to what extent this inter-growing phase 

transport and inclusion of grain aggregators will affect total manure and corn emissions 

attributed to each company and the industry in total, but due to data limitations, these 

remain fruitful areas for future research to improve the accuracy of supply-demand 

network predictions and emission estimates. Commodity transport models will continue 

to improve and alternative supply networks may take shape, but regardless of the 

transport model used, the underlying spatial data derived in this research for county corn 

production and manure management can provide spatially relevant environmental 

information and strategies to inform any pork supply network configuration. 
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Figure 4. 9. Variation of GWP emissions across U.S. pork processing companies and across supply chain stages. 
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Figure 4. 10. Prioritized counties for green supply chain management. Rank index based on total impacts 
and emissions intensity across supply chain stages for each individual company. 
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To bypass the uncertainty of supply network structures, however, an alternative 

strategy for organizations may be to target the most impactful production locations across 

the entire industry’s supply, as companies can publicly report and take credit for the 

reduced emissions regardless of whether such improvements are directly linked to 

specific company supply chains. Such a strategy may enable organizations to take credit 

for greater emission reductions, dollar for dollar, than if such resources were spent on 

improving company-specific suppliers, which may be overall less impactful (and 

therefore less opportunities for reducing emissions) compared to other supply/production 

locations. Although this strategy may be effective for decreasing the impacts of the 

overall industry and other industries using similar supply inputs, it may not specifically 

address the potential risks of supply disruptions and environmental regulations posed to 

individual company supply chains, which remains an important motivator for 

organizations to engage in sustainability efforts. Additionally, by linking spatial impacts 

to company-specific supply-demand networks, the resulting organizational LCA can 

better support scope 3 reporting, which is increasingly required by many reporting 

platforms, such as CDP. Such reporting platforms are increasingly being used to inform 

investors and other downstream buyers of potential risks to investments, reputation, and 

supply. Future research should compare these alternative engagement strategies, to 

investigate the potential trade-offs in environmental and economic impacts, and potential 

trade-offs to reputation and risks. 

Other areas of uncertainty that have relatively high influence on estimated 

emissions include the county average N fertilizer use estimates and the assumption that 

county manure management practices resemble state-level distributions. The estimated 

average quantity of nitrogen fertilizer used on farmland in each county is based on the 

assumption that fertilizer sales serve as a reasonable proxy for actual consumption. 

However, this may not necessarily be so if substantial quantities are stored for future use. 

Furthermore, using the proportion of corn planted acres receiving N fertilizer to total crop 

planted acres receiving N fertilizer to allocate total county farm N to corn production, is 

limited in that this method does not consider different application rates used for different 

crops. While the resulting distribution across different application rates for corn seems 

reasonable, estimates may be systematically under or over represented in some areas, 
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depending on whether the other grown crop varieties receive on average more or less N 

fertilizer than corn crops. Regarding manure management, due to data limitations at the 

county-level, the state reported distributions are applied across state counties, with county 

adjustments for digester use. It is unclear the extent of variation in manure management 

that occurs at the county-level, and therefore the amount of uncertainty this propagates in 

emission estimates, although we estimate it to be fairly substantial. Collecting manure 

management and fertilizer use information at the county level would be a valuable 

addition to USDA census and survey collection to improve the accuracy of emissions 

accounting and to better target mitigation solutions.   

Despite these limitations, the bottom-up, county-level assessment focused on the 

hotspots of the system can account for an average of 56 and 84 percent of cradle-to-grave 

and cradle-to-gate emissions while capturing a significant portion of variation stemming 

from the alternative management practices and types of material/energy inputs used 

across the supply landscape, and the spatial differences in environmental conditions. 

These company-specific baseline assessments help identify initial areas to prioritize along 

unique supply chain networks, and serve as the base of comparison for assessing the 

benefits or drawbacks of alternative management practices. Characterizing the quantity of 

supply chain CO2e reductions that are possible within and across hotspot stages and 

understanding the economic costs associated with baseline and alternative management 

practices will be crucial areas for future research. This information will further enable the 

ability to spatially optimize across management practices and across supply chain stages 

to maximize reductions in environmental impacts while minimizing the total costs of 

change. Assessing the reduction potential of alternative management practices in the corn 

production stage will need to additionally consider how corn yields may be affected by 

changes in management practices, such as reductions in fertilizers, changes to application 

timing, tillage practices, etc. Because, while a reduction in N fertilizer will reduce the 

total quantity of upstream emissions and associated on-field N2O emissions, a reduction 

in yield may also be a result in some areas, which could cause overall increases or 

minimal changes in the emissions intensity of supply (kg CO2e/bu). Future research 

should consider using biophysical models that couple crop growth simulations accounting 

for spatial differences in environmental conditions and management practices with 
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simulations of denitrification processes to better capture the dynamics and potential 

trade-offs of alternative practices.  

To connect the spatial LCAs of supply bases to specific company supply chains 

requires detailed information on the inter-regional commodity flows linking several tiers 

of supply and demand. Therefore, to apply the methods illustrated herein to other 

commodity groups, additional supply-demand models are required. Such models rely on 

combinations of sub-regional supply and demand data, which, regarding agricultural 

commodities in the U.S., can be derived from USDA census and survey information for a 

variety of agricultural crops and livestock types. Data on processing/manufacturing may 

be found via industry associations. Additional complexity occurs if a significant amount 

of supply is imported from other country production locations, requiring additional data 

and assumptions to characterize production impacts.  However, because a substantial 

amount of the necessary data is publicly available across a wide variety of agricultural 

commodities in the U.S., future research should heavily focus on developing the inter-

regional commodity flow data necessary to conduct such spatial LCAs, initially 

concentrating on particularly impactful commodity groups first. Developing average 

supply chain networks from several years of data and simulation would provide 

additional benefits for improving the generality of emission estimates across years, 

however, the current study is limited in that function. Although emission intensity 

estimates of supply are based on average production practices, the inter-regional 

commodity flows are based on a single year’s supply and demand dynamics.  

To enable consumer facing firms to efficiently and effectively target their supply 

chain improvement efforts, both to begin influencing the sizable impacts from 

agricultural food production and to make such efforts more attractive and practical to 

achieve, it is critical that more spatial LCA information is made available. Although 

significant data, time and costs are required to conduct such assessments, streamlined 

methods focusing on hotspots can help reduce these costs, facilitating a better 

understanding of the key supply chain drivers of impact for better targeting the areas of 

priority. By bridging this information gap, companies will be better equipped to exert 

their market influence on key leverage points in supply chains, through 1) increased 

targeting of environmental procurement criteria, 2) knowledge sharing of effective 
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mitigation strategies, 3) cost-sharing for strategy implementation, and 4) lobbying state 

and federal governments for increased best management practices. These targeted efforts 

will be able to more efficiently address and reduce the substantial environmental impacts 

associated with upstream activities, which will be particularly necessary for agricultural 

supply chains given the enormous growth projections of 70 percent required to satisfy the 

future population’s food demand in 2050 (FAO, 2009). Reducing human consumptive 

impacts on the environment, particularly regarding climate change, water scarcity, water 

quality, and toxicity, will help reduce the pressures on ecological systems and improve 

the resiliency of communities; it is consequently important that these additional 

categories are also managed alongside climate change metrics. 
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Chapter 5 

Conclusion 
 

This dissertation has illustrated the possibility for increasing the actionability of 

environmental information and its saliency to organizations by considering aspects of 

materiality, comparability and multi-metric dimensionality in the design of methods 

aimed at improving the sustainability of organizations. The modified LCA methods 

presented in each of the operational areas removes barriers for integrating sustainability 

information into core business processes by increasing the clarity for making 

sustainability management decisions and prioritizing resources, and reducing the costs of 

assessment which enable more production/consumption systems to be examined and 

ultimately improved. In doing so, this research significantly expands the sustainable 

operations management literature, with emphasized contributions in the areas of 

environmentally preferable procurement, sustainable manufacturing and green supply 

chain management; each representing key leverage areas for organizations to move the 

sustainability needle forward.  

As demonstrated in the three case studies, hotspot analysis methods focus 

resources on the most material aspects of organizational impacts, such as highly 

impactful product purchases, supply chain stages, production processes and product 

outputs. Scenario and sensitivity analysis approaches can increase the comparability of 

environmental information and robustness in relative environmental performance, where 

inputs, processes and/or outputs are parameterized to reflect differences in management 

or production practices, as well as spatial and temporal differences in environmental and 

economic market conditions. Together, these methods help to reduce the costs and time 

to conduct environmental life cycle assessments yet allow for robust comparisons of 

alternative management options to be made. Assessing scenarios across several metric 

dimensions allows decision makers to consider a broader context that more aptly reflects 

the competing demands and criteria that decision makers must realistically account for, in 

practice. Although each method demonstrated in the case study was designed specifically 

to answer the issues faced in the respective operational areas, the general effect of 



	
	

108 

including these three elements in each methodological design is an overall increased 

efficiency and effectiveness for quantitatively informing organizational sustainability 

decisions. These methods therefore, through each of the respective case studies, provide 

the basis for enhanced decision support tools that will allow decision makers to transition 

from qualitative environmental management system approaches to quantitative 

approaches that lead to measurable sustainability performance. 

In each business function, the methods demonstrated allowed major information 

gaps and sustainability challenges to be overcome. In the first essay, methods enabled 

purchasers to sort through the complexity that exists around the multitude of different 

environmental product options that are available on the marketplace across all the 

different product categories purchased by organizations. Pairing optimization methods 

with streamlined life cycle assessment methods allowed organizations to identify more 

efficient allocation of procurement resources across purchasing departments to maximize 

environmental performance and more effectively achieve science-based sustainability 

objectives. Finally, decision criteria such as eco-efficiency metrics that consider both 

economic and environmental performance, and environmentally weighted impact indices, 

allowed decision-makers to identify, weigh, and minimize trade-offs directly.  

In the second essay, using optimization and scenario analysis techniques help 

manufacturers contend with the speed and dynamism of modern production systems, 

which make incorporating sustainability into production decisions a challenge. The result 

of such assessments help managers identify the most profitable product portfolio outputs 

and input combinations, and any trade-offs in environmental and economic performance 

that may occur across market conditions. Such assessments can also support consumer 

demands on organizations to supply environmental performance information of 

manufactured outputs, enabling organizations to maintain competitiveness under 

additional procurement criteria. Importantly, the results of the assessment reveal the 

possible dynamic nature of manufacturing co-product portfolios, having potential to alter 

sustainability performance conclusions. Thus, the illustrated methods help managers to 

identify future risks to business operations and profitability by providing a better 

understanding of the implications of all technically possible production decisions, and 
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illuminating any constraints on production that may be necessary under different policy 

(governmental or voluntary) compliance scenarios.  

In the third essay, streamlined spatial LCA methods applied to outputs of 

optimized regional trade models enabled greater transparency into company-specific 

supply chain impacts, allowing supply chain managers to understand key drivers of 

upstream organizational impacts. Knowledge of the distribution of impacts across supply 

chain stages and across both supply chain stages and supply locations helped to better 

prioritize limited organizational resources to areas fruitful for both further assessment and 

eventual engagement. Identified priority areas indicate where alternative management 

practices should be further investigated through scenario analysis, and ultimately where 

such practices should be deployed first. Optimization techniques can further help to 

clarify the most cost-effective strategies to be deployed for individual supply locations. 

Importantly, these methods enable organizations to better set and realistically meet 

science-based sustainability targets by providing organization-specific estimates of 

impacts, and eventually estimates of reduction potential, associated with the unique 

spatial distribution of supply chain networks.  

Overall, the methods described in this dissertation 1) enable organizations to 

pragmatically incorporate sustainability information more fully into decisions and 

practices, 2) allow LCA practitioners to deploy sustainability information across a wider 

array of goods and services due to reduced costs of assessment, 3) support the 

prioritization of resources toward high impact areas, 4) help to identify optimal 

management options effective at reducing environmental burdens, 5) help to address 

potential tradeoffs in management practices and decisions, and 6) increase overall 

business intelligence around organizational exposures to operational risks, allowing 

organizations to more fully manage such risks. Although several limitations and areas of 

uncertainty exist within each of the methods, as described in the respective case studies, 

these methods provide a viable path forward for improving sustainability measurement 

systems and decision tools to enable organizations to overcome sustainability challenges 

and information gaps. To further understand the broader implications of the proposed and 

demonstrated methods, future research should focus on expanding the assessments to 

additional industries. Such information could reveal additional nuances for informing 
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best practices, help to further refine the methodologies to address specific industry 

challenges, and help to further generalize the methodologies to better address the 

common challenges faced across industrial and retail applications.  

From a societal perspective, enabling organizations to reduce the environmental 

burdens of production and consumption systems will have wide reaching benefits to 

human and ecological populations locally, regionally and internationally, by reducing the 

risks of various environmental and human health hazards, and supporting the ability for 

organizations to provide economic security for future generations. It is therefore essential 

that environmental assessment approaches, such as those outlined in this dissertation, are 

more widely applied across organizations.
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Table A. 1. Hotspot Scenario Analysis - Procurement Portfolio Optimization methodological steps, 
including example applications from breakfast cereal industry case study.  

 

Method Steps BFC Industry Case Study Details Data Sources

Prioritization

Prioritize environmental impact categories to manage, and
prioritize purchased products based on highest contributing impacts using 
Environmentally Extended Economic Input-Output (EEIO) Models and 
stakeholder interests.

Prioritized Impacts: Global Warming Potential and Water Depletion

Bare et al 2003; 
ReCiPe 2009;
CMU-GDI 2008; 
GEMI 2014

Prioritized Industry Prioritized Product Category

Purchased Electricity Electricity

Grain
Corn
Wheat

Containerboard boxes
Corrugated Board
Paperboard

Plastic packaging
Plastic Bag

Plastic Film

Cleaning compounds Multi-Purpose Cleaner

Hotspot Scenario 
Analysis
(HSA)

Identify life cycle hotspots for prioritized products using EEIO and 
literature, and estimate each hotspots percent contribution to the total 
impacts for each product. 

Prioritized Industry Industry Hotspots

CMU-GDI 2008; 
Huang et al 2009; PE 
2009; Ross and Evans
2002; Franklin 
Associates 2011; Kapur 
et al 2012; Saouter et al 
2002; DeWaele et al 
2004; TSC 2011

Electricity Fuel Inputs

Grain On-farm inputs

Containerboard boxes

Wood harvest/extraction

Paper and paperboard mills

Containerboard box manufacturing

Plastic packaging
Resin manufacturing
Bag manufacturing
Film manufacturing

Cleaning compounds
Soap and detergent manufacturing

Packaging

Construct process-LCA baseline per hotspot for conventional products 
and parameterize LCA for product environmental attributes.

Process-LCA conducted with GaBi LCA software, using commercial databases for process 
inputs, including EcoInvent, PE international data, and USLCI. 

PE 2014; ecoinvent
Centre 2012; USLCI 
2012; Pelton and Smith 
2014

Product environmental attribute examples: wind electricity, organic, recycled content

Compare attribute impact against baseline impact by calculating the 
percent reduction or increment in impacts per hotspot stage, and multiply 
by hotspot percent contribution to total impact. 

Calculations:

(kg CO2e per unit with environmental attributes – baseline kg CO2e per unit) ÷ baseline kg
CO2e per unit. = % reduction or increment from attribute/hotspot

% reduction or increment from attribute x hotspot % contribution to total impact = 
% reduction or increment to product category

Economic 
Characterization

Disaggregate IO industry spend using IO tables for each product. 1 Assumed each product's proportion of total industry output activity (in $) represents the 
proportional spend on each product within an industry.  BEA 2002; BEA 2007

Identify baseline product price per functional unit (e.g. $/kg) for each 
product. 

Conventional product prices identified through various online distributors and manufacturers,
converted to price per unit, and averaged to represent baseline prices.

FEFCO 2012; 
Packaging Price 2013; 
RISI 2014; CIS 2015; 
PlasticsNews 2015; 
SourceSupply 2013; 
USDA 2015; EIA 
2013; Alibaba 2015

Calculate and assign price premiums or discounts to each green product 
scenario2. Apply premium or discount to baseline price per functional 
unit, resulting in the price per unit of the green product.  

Identified product prices and/or cost savings related to the specified environmental attributes.  
Split cost savings between producer and consumer. Compare to baseline product prices to 
calculate percent premium or discount for each attribute and sum together for creating a green 
product scenario2

Johnson et al 2005; 
Kramer et al 2009; 
Aller 2015; Gloy and 
Dooley 2003; Espinoza 
et al 2011; ICIS 2012

Example: Baseline $/kg x 1.05 (i.e. a 5% price premium) = $/kg green product scenario2.

Use baseline spend and baseline price per unit to determine number of 
units required by organization.

Example: Corn Farming $40,549 spend / ($3.55/bu) = 11,422 total bu of product. 
The quantity of each product is assumed to be fixed.

Total Impact 
Characterization

Calculate total environmental impacts for each product category using 
baseline product prices, total product spend, cumulative hotspot impacts 
and estimated percent contribution to total impacts (see table S8 for 
details). 

Calculations: CMU-GDI 2008

Process-LCA baseline cumulative hotspot kg CO2e/kg product ÷ baseline $/kg = kg CO2e/$

Uses sources and 
results from previous 
methodological 
sections

Cumulative hotspot kg CO2e/$  /  Cumulative hotspot % contribution to total impacts = total 
kg CO2e/$ 

Spend per product category x total kg CO2e/$ = total kg CO2e from product

Convert total impact % reductions or increments for each green product 
scenario to actual impacts per million dollars (short tons CO2e/$M). 

Example: 3021 short tons CO2e/$M corrugated board – (Wind electricity 17.5% reduction to 
corrugated board impact x 3021 tons CO2e/$M) = 2492 short tons CO2e/$M corrugated board 
(made with wind electricity). 

Normalization 
and Weighting

(applied only to 
environmental 

index)

Divide product industry impacts per $M by normalization reference for 
each impact category, multiply by weighting factors and sum to create an 
environmental index.

Calculations:
Kim et al 2013; PI 
2010; Frederick 1995; 
Gloria et al 2007;
Seppala 2003

tons CO2e/$M ÷ total 7.7712855e9 tons CO2e/year in U.S = normalized impact/$M

Normalized GWP impact/$M x 29% weighting factor = weighted GWP impacts/$M

Weighted GWP impacts /$M + weighted water impacts/$M = Environmental Index/$M

Procurement 
Portfolio 

Optimization

Construct a linear programming model, accounting for all product 
environmental attribute option impacts, prices and total purchasing
category spend to 1) maximize environmental impact reductions subject 
to staying within a fixed budget, or 2) minimize budget spend subject to 
reaching a fixed environmental impact reduction. 

LP optimization results indicate the optimal quantity to be purchased between conventional 
and/or green product options

,
in order to satisfy objectives. 

Uses sources and 
results from previous 
methodological
sections
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Table A. 2. Variability in percent reductions and increments in total product option impact across all product attributes.  

Impact Category 
Reductions and 

Increments in Impacts 
Relative to Baseline 

Purchased 
Electricity 

Grain 
Farming: 

Corn 

Grain 
Farming: 

Wheat 

Corrugated 
Board 

Paper 
Board 

Cleaning 
Compounds 

Plastic 
Bag 

Plastic 
Film 

GWP 

Minimum % change 
from baseline -39% -52% -23% -62% -63% -20% -70% -35% 

Maximum % change 
from baseline -39% 148% 299% 3% 2% 22% 16% 92% 

Water 

Minimum % change 
from baseline -32% -43% -9% -76% -73% -25% -20% -47% 

Maximum % change 
from baseline -32% 194% 371% 0% 0% 4% 0% 129% 

Environmental 
Index 

Minimum % change 
from baseline -37% -45% -14% -63% -65% -19% -61% -28% 

Maximum % change 
from baseline -37% 186% 343% -2% 2% 15% 11% 98% 
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Table A. 3. Selected product options and corresponding product physical units in the three purchasing approaches: baseline, silo and portfolio, under 
the condition of minimizing GWP, water depletion and environmental index impacts subject to budget constraints.  

 
Notes: 
75% RC = 75% Recycled Content 
BT = Biomass Thermal 
CF-CO = Conventional Formulation from coconut oil 
CF-P = Conventional Formulation from petro source 
CFWS = Conventionally Farmed Wheat Substitute 
EE = Electric Efficiency 

GS37-P = GS37 formulation from petro source 
HIH = High Intensity Harvest 
LB-HDPE= large HDPE bucket 
LIH = Low Intensity Harvest 
PB = Petro Based 
PFC = Precision Farmed Corn 
PFCS = Precision Farmed Corn Substitute 

PFW = Precision Farmed Wheat 
R-HDPE = Recycled HDPE 
R-PET = Recycle PET 
TE = Thermal Efficiency 
WE = Wind Electricity 
1: in paper mills 
2: in paperboard manufacturing process 
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Figure A. 1. Sensitivity analysis of different organizational procurement budget scenarios.  

 
 
Scenario 1: Based on the initial departmental budget allocation in the main text, the silo approach 
receives a budget increase of $1000 in each category from the initial value; the portfolio approach 
receives a total organizational budget increase of $8000 from the initial value. Results indicate that 
the portfolio approach is environmentally preferable to the silo approach with incremental budget 
increases of equal magnitude.  
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Scenario 2: Based on the initial departmental budget allocation in the main text, the silo approach 
receives a budget increase of 10% in each category from the initial value; the portfolio approach 
receives a total organizational budget increase of 10% from the initial value. Results indicate that 
the portfolio approach is environmentally preferable to the silo approach with percentage increases 
in budget. 
 
Scenario 3: Based on the portfolio optimization final spend results for each purchasing category 
presented in the main text, the silo approach adopts the optimal portfolio budget allocations prior 
to optimization; the portfolio approach uses the initial organizational budget. The results indicate 
that the environmental performance of the portfolio approach can be achieved by procurement 
managers strategically planning optimal budget allocations across purchasing departments to 
coordinate EPP efforts. 
 
From an economic standpoint, it is tempting to examine an optimization game in which the silo 
and total portfolio spend are minimized and constrained to be equal or less than the baseline level 
of environmental impacts. However, the results of such an optimization would misrepresent the 
potential opportunities of this approach because we have included only a subset of possible 
product options in the procurement choice set (i.e. product options that profess environmental 
preferability or have unknown relative environmental preferability), and have excluded many 
product options that may give a wider distribution of costs to environmental impacts (i.e. lower 
costs, higher environmental impacts). Therefore, the results of such an analysis would likely be 
skewed to over-represent the environmental reductions than would actually be achievable through 
this cost-minimization approach. Furthermore, the procurement function has likely already 
minimized its costs subject to additional performance and functional criteria, so the logical point 
of examination is instead to minimize environmental impacts, as this will be an important 
additional criterion that procurement managers will increasingly be asked to manage. 
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Table A. 4. Eco-efficiency comparison between silo and portfolio procurement approaches against baseline 
eco-efficiency values for different attribute pricing scenarios. 

  

Eco-efficiency improvements represent the percent difference between the baseline eco-efficiency (impact 
per dollar spend) and the optimal eco-efficiencies for the case where purchasing decisions are made by 
purchasing silos versus coordinated purchasing across the portfolio, for GWP, water depletion and an 
environmental performance index. The eco-efficiencies for the silo and portfolio approaches are a result of 
minimizing GWP and/or water depletion subject to maintaining less than or equal to current budget spend. 
Negative values represent improvements in eco-efficiency (i.e. reduced impact per dollar) relative to 
conventional baseline purchases. Discount attributes (D) offer savings relative to baseline costs, while 
premium attributes (P) cost more than conventional prices. D,P (+/-) represents the price per unit explored 
in the sensitivity analysis, where + (or -) represents an increase (or decrease) in price per unit of 20%, 
depending on the position of the triangle. Percentages show changes in eco-efficiencies relative to the 
baseline when optimizing for GWP, water depletion, or the overall environmental index, respectively.  
Percentages shown in parentheses (%) represent changes in eco-efficiencies associated with GWP and 
percentages shown in brackets [%] represent changes in eco-efficiencies associated with water depletion 
when the environmental index is minimized. In some cases, eco-efficiency worsens for one index, either 
GWP or water depletion, which indicates greater environmental burden per dollar spend than the baseline 
impacts per dollar; nevertheless, both the silo and portfolio approaches result in overall lower impacts than 
the baseline.   
 
 
 
 
 
 
 
 
 
 

Attribute Pricing Scenarios Eco-Efficiency Improvement
(Relative to Conventional Eco-Efficiency)

Discount Attributes Premium Attributes Pricing 
Scenario

Impact Categories Silos Portfolio

Baseline 
Discount and 

Premium

GWP -27.5% -37.5%
Water Depletion -23.2% -37.0%
Environmental 

Index
-21.9%

(-23.4%),[-21.7%]
-36.7%

(-33.9%),[-37.0%]

D+ , P+

GWP 0.0% -6.1%
Water Depletion 0.3% -7.4%
Environmental 

Index
1.3%

(1.1%),[1.3%]
-7.3%

(-5.9%),[-7.4%]

D+ , P-

GWP -34.1% -40.0%
Water Depletion -39.8% -42.6%
Environmental 

Index
-38.5%

(-33.1%),[-39.1%]
-41.8%

(-36.5%),[-42.5%]

D- , P+

GWP -27.0% -36.9%
Water Depletion -24.8% -36.1%
Environmental 

Index
-22.9%

(-23.2%),[-22.8%]
-35.8%

(-33.6%),[-36.1%]

D- , P-

GWP -33.3% -40.0%
Water Depletion -39.2% -42.6%
Environmental 

Index
-36.9%

(-31.6%),[-37.6%]
-41.1%

(-35.4%),[-41.8%]
InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

InitialInitial

+20%-20%-20% +20%

$ $

$$

$ $

$ $

$ $
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Table A. 5. Eco-Efficiency sensitivity analysis for alternative spend and alternative minimum and maximum 
hotspot percentage values.  

 
 
Eco-efficiency improvements represent the percent difference between the baseline eco-efficiency (impact 
per dollar spend) and the optimal eco-efficiencies for the case where purchasing decisions are made by 
purchasing silos versus coordinated purchasing across the portfolio, for GWP, water depletion and an 
environmental performance index. The eco-efficiencies for the silo and portfolio approaches are a result of 
minimizing GWP and/or water depletion subject to maintaining less than or equal to current budget spend. 
Negative values represent improvements in eco-efficiency (i.e. reduced impact per dollar) relative to 
conventional baseline purchases. Minimum and maximum hotspot % value scenarios represent alternative 
total impact characterizations for each product category, and alternative environmental attribute 
performance. Parameter specifics related to each scenario are found in the associated figures indicated. 
Percentages show changes in eco-efficiencies relative to the baseline when optimizing for GWP, water 
depletion, or the overall environmental index, respectively.  Percentages shown in parentheses (%) 
represent changes in eco-efficiencies associated with GWP and percentages shown in brackets [%] 
represent changes in eco-efficiencies associated with water depletion when the environmental index is 
minimized. Both the silo and portfolio approaches result in overall lower impacts than the baseline, 
however, under all parameter scenarios the portfolio approach performs better than the silo approach.   

 
 
 
 
 

 
 
 
 
 
 
 

 

Parameters

Eco-Efficiency Improvement
(Relative to Conventional Eco-Efficiency)

Scenario Impact Categories Silos Portfolio

See Figure S7 and S6 Baseline Spend and 
Hotspot %

GWP -27.5% -37.5%
Water Depletion -23.3% -37.0%
Environmental 

Index
-21.9%

(-23.4%),[-21.7%]
-36.7%

(-33.9%),[-37.0%]

See Figure S7
Alternative Relative 
Spend and Baseline 

Hotspot %

GWP -32.7% -45.0%
Water Depletion -27.8% -47.9%
Environmental 

Index
-19.4%

(-21.4%),[-23.7%]
-46.6%

(-42.8%),[-50.5%]

See Figure S6 Baseline Spend and 
Minimum Hotspot %

GWP -27.4% -36.9%
Water Depletion -16.8% -28.4%
Environmental 

Index
-15.9%

(-23.4%),[-24.6%]
-28.9%

(-33.9%),[-40.0%]

See Figure S6 Baseline Spend and
Maximum Hotspot %

GWP -37.3% -47.2%
Water Depletion -26.6% -40.0%
Environmental 

Index
-25.6%

(-23.4%),[-21.7%]
-40.0%

(-33.9%),[-40.0%]
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Table A. 6. Hotspot Scenario Analysis results and characterization of baseline and attribute prices. 

 
Minimum and maximum hotspot parameter values are determined from EIO and literature sources adjusted 
to cradle-to-gate system boundaries and represent a possible range of hotspot contributions to total impact.  
 
 

GWP Water GWP Water GWP Water

Low Intensity Harvest -9.8% -2.2% -12.4% 0.0% 267.57
High Intensity Harvest 9.4% -2.2% 2.6% 0.0% 270.43
Electric Efficiency -8.7% -5.3% -23.3% -12.1% 268.33
Wind Electricity -28.6% -17.4% -77.0% -40.0% 299.67
Biomass Thermal -54.2% -33.1% -1.3% -0.7% 265.37
75% Recycled Content 4.2% 2.6% -57.2% -29.7% 272.37

Electric Efficiency + Biomass Thermal -62.9% -38.4% -24.6% -12.8% 264.70

Wind Electricity + Biomass Thermal -82.8% -50.5% -78.3% -40.7% 296.03
75% Recycled Content + Electric Efficiency 1.4% -2.7% -75.4% -41.8% 268.07
75% Recycled Content + Wind Electricity -5.0% -14.9% -117.7% -69.8% 303.04
75% Recycled Content  + Biomass Thermal -70.0% -30.5% -58.0% -30.4% 268.74
75% Recycled Content  + Electric Efficiency + Biomass Thermal -72.8% -35.8% -76.3% -42.5% 268.07

75% Recycled Content + Wind Electricity + Biomass Thermal -79.2% -48.0% -118.6% -70.4% 299.41
Electric Efficiency -12.7% -3.1% -10.3% -1.5% 267.25
Thermal Efficiency -15.0% -3.6% -0.3% 0.0% 265.77
Wind Electricity -21.8% -5.2% -34.7% -5.2% 299.67
Electric Efficiency + Thermal Efficiency -27.7% -6.7% -10.6% -1.6% 264.02
Thermal Efficiency + Wind Electricity -36.8% -8.8% -35.0% -5.3% 296.44
Low Intensity Harvest -9.8% 2.2% -12.2% 0.0% 270.56
High Intensity Harvest 9.3% -2.1% 2.8% 0.0% 273.44
Electric Efficiency -9.6% -5.9% -22.4% -11.7% 271.32
Wind Electricity -31.5% -19.2% -74.2% -38.6% 303.01
Biomass Thermal -44.1% -26.9% -1.3% -0.7% 268.33
75% Recycled Content -15.7% -9.6% -57.8% -30.1% 275.83
Electric Efficiency + Biomass Thermal -53.7% -32.8% -23.7% -12.3% 267.65
Wind Electricity + Biomass Thermal -75.6% -46.1% -75.5% -39.2% 299.34
75% Recycled Content + Electric Efficiency -20.4% -15.4% -76.2% -41.7% 271.48
75% Recycled Content + Wind Electricity -31.1% -28.8% -117.8% -68.6% 306.84
75% Recycled Content  + Biomass Thermal -109.4% -36.5% -58.8% -30.7% 272.16
75% Recycled Content  + Electric Efficiency + Biomass Thermal -114.1% -42.4% -77.1% -42.4% 271.48
75% Recycled Content + Wind Electricity + Biomass Thermal -124.8% -55.7% -118.8% -69.3% 303.17
Electric Efficiency -5.7% -1.4% -6.6% -1.0% 270.23
Thermal Efficiency -7.4% -1.8% -0.2% 0.0% 268.74
Wind Electricity -12.3% -3.0% -23.0% -3.5% 303.01
Electric Efficiency + Thermal Efficiency -13.2% -3.2% -6.8% -1.0% 266.97
Thermal Efficiency + Wind Electricity -19.7% -4.7% -23.2% -3.5% 299.74
Conventional formulation (palm kernel oil) 10.7% 5.2% 4.9% 4.0% 18.41
Conventional formulation (coconut oil) -6.8% -3.3% 0.3% 0.2% 18.41
GS37 formulation (petro) 32.3% 15.8% -9.9% -8.1% 12.41
GS37 formulation (palm kernel oil) 44.7% 21.9% -9.6% -7.9% 14.60
GS37 formulation (coconut oil) 24.6% 12.0% -4.4% -3.6% 14.60
Recycled HDPE -36.9% -8.1% -1.0% -0.2% 14.18
Wind Electricity -31.3% -6.9% -90.4% -16.3% 18.07
Electric Efficiency -9.4% -2.1% -27.4% -4.9% 16.20
Large HDPE bucket -21.9% -4.8% -21.7% -3.9% 16.04
Recycled HDPE + Wind Electricity -68.2% -15.0% -91.4% -16.4% 16.03
Recycled HDPE + Electric Efficiency -46.4% -10.2% -28.3% -5.1% 14.16
Large HDPE bucket + Recycled HDPE -50.6% -11.1% -22.6% -4.1% 14.00
Large HDPE bucket + Wind Electricity -46.4% -10.2% -92.5% -16.7% 17.89
Large HDPE bucket  + Electric Efficiency -29.2% -6.4% -43.3% -7.8% 16.03
Large HDPE bucket  + Recycled HDPE  + Wind Electricity -75.1% -16.5% -93.5% -16.8% 15.85
Large HDPE bucket + Recycled HDPE + Electric Efficiency -57.9% -12.7% -44.3% -8.0% 13.99

Electricity Production 100% 100% NA NA NA NA Wind Electricity -39.0% -39.0% -32.0% -32.0% 0.08 0.07 kWh
Conventionally Farmed Wheat Substitute -37.5% -37.5% -37.5% -37.5% 5.26
Precision Farmed Wheat Substitute -51.8% -51.8% -43.1% -43.1% 6.48
Organic Wheat Substitute 148.0% 148.0% 194.2% 194.2% 9.30
Precision Farmed Corn -13.5% -13.5% -5.8% -5.8% 3.71
Organic Corn 22.0% 22.0% 74.2% 74.2% 4.12
Conventionally Farmed Corn Substitute 61.0% 61.0% 60.0% 60.0% 4.23
Precision Farmed Corn Substitute 39.0% 39.0% 50.8% 50.8% 3.71
Organic Corn Substitute 95.0% 95.0% 178.8% 178.8% 9.55
Precision Farmed Wheat -23.0% -23.0% -8.9% -8.9% 6.47
Organic Wheat 299.0% 299.0% 370.8% 370.8% 9.31
Lightweighting 15.8% 15.8% -20.0% -20.0% 4.80
Lightweighting (recycled HDPE) 1.0% 1.0% -20.0% -20.0% 4.23
Recycled HDPE -70.0% -70.0% -0.1% -0.1% 3.98
LDPE 84.3% 49.7% -46.3% -30.1% 2.40
PET 156.2% 92.2% 10.2% 6.6% 2.31
PP 68.6% 40.5% -65.0% -42.2% 2.39
HDPE 56.2% 33.2% -72.2% -46.9% 2.40
Biobased (corn) LDPE 111.8% 65.9% 166.5% 108.2% 2.61
Biobased (corn) PET 77.1% 45.5% 4.1% 2.7% 2.52
Biobased (corn) PP 154.9% 91.4% 189.6% 123.2% 2.60
Biobased (sugar cane) LDPE -39.9% -23.6% 176.0% 114.4% 2.54
Biobased (sugar cane) PET 50.3% 29.7% 29.1% 18.9% 2.46
Biobased (sugar cane) PP -8.5% -5.0% 199.1% 129.4% 2.53
Recycled PET -22.9% -13.5% 0.0% 0.0% 1.86
Recycled HDPE -60.0% -35.4% 0.0% 0.0% 2.09
Electric Efficiency -22.3% -6.5% -26.8% -8.2% 2.33
Wind Electricity -73.8% -21.4% -88.1% -26.9% 2.61
Thermal Efficiency -2.9% -0.8% -0.1% 0.0% 2.31
Thermal Efficiency + Electric Efficiency -25.2% -7.3% -26.9% -7.8% 2.30
Wind Electricity + Thermal Efficiency -76.7% -22.2% -88.2% -25.6% 2.58

Increment/ 
Reduction 
in Hotspot 

Impact

Increment/ 
Reduction 

in Total 
Impact

Corn Grain Farming

Cleaning                 
Compounds

Baseline 
Hotpot % 

Contribution to 
Total Impact

Fiber Mills 52% 53% 62%

Containerboard 
Converting 

Plant
5% 22% 25%24% 15%

Increment/ 
Reduction in 

Hotspot 
Impact

Increment/ 
Reduction 

in Total 
Impact

Wood 
Harvesting/Extr

action
0.01% -46% 10%

Hotspot Stage

0%

Grain FarmingWheat

Plastic Bag Manufacturing

Resin 
Manufacturing

Film 
Manufacturing

Platstic Film

Paperboard

Soap and 
Detergent 

Manufacturing

Soap and 
Detergent 
Packaging

0.01% 10%

61% 69%42%

15%

Product Environmental Attribute(s)

Minimum 
Hotspot % 

Contribution 
to Total 
Impact

Maxiumum 
Hotspot % 

Contribution to 
Total Impact

52%

5%

-46% 0%

53% 62%

22% 25%24% 26%

Fiber Mills

Containerboard 
Converting 

Plant

Wood 
Harvesting/Extr

action
-23%

26%

89%18%49%

22% 12% 29%

-23% 0% 0%

61% 42% 69%

NA NA NA

19%11%18%

89%75%82%

31%1%31%

57% 59%55%

40%19%29%

Corrugated               
Board

3.55

5.51

269

GWP Water

99%30%65%

100% 100% NA NA NA NA

NA

100% NA NA NA NA

100%

100%

100%

4.55

2.34

Bu

Bu

Kg

Kg

Product 
Prices 

with 
Attributes 

($/unit)

Unit

Ton

272 Ton

16.22 Gallon

Baseline 
Product 

Price 
($/unit)
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Table A. 7. Baseline and sensitivity analysis parameters for relative product category spend, impacts per million dollars spend, and the resulting total 
impacts for each product category.  

 
Impacts per million dollars are determined by a combination of cumulative hotspot percentage estimates and baseline unit prices (see table S8 and S6 for 
details), resulting in changes to impact/$M under the minimum and maximum hotspot parameter values. Due to limited accessibility to bill of goods 
information for BFC manufacturers, spend information is instead derived from BEA EIO tables representing average industry economic flows. To 
explore the implications of alternative relative product spend on the performance of the portfolio approach compared to the silo approach, we deviated 
somewhat arbitrarily from the baseline spend simply by switching the product category spend proportions within an industry. For example, within the 
grain industry, corn is given greater spend in the baseline, whereas for the alternative spend scenario, wheat is given greater spend. For product 
categories that do not share an industry, the baseline spend was arbitrarily increased by 10%. In this study, we found electricity to contribute greatest to 
water use across all categories, however we suspect this is partly due to the fact that the LCA models for the other product categories include datasets 
from USLCI which are often limited in characterizing water use, therefore water impacts in these categories are likely systematically underestimated 
compared to electricity, which uses EcoInvent data and is able to capture water impacts well.  
 
 

 

 

 

 

 

 

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

t CO2e/$M
Total Impact 

(t CO2e)
kGal/$M

Total Impact 
(kGal)

Corn 40549.02 6594.28 2476.62 100.42 839256.70 34031.03 2476.62 16.33 839256.70 5534.29 2476.62 100.42 839256.70 34031.03 2476.62 100.42 839256.70 34031.03

Wheat 6594.28 40549.02 909.25 6.00 130482.37 860.44 909.25 36.87 130482.37 5290.93 909.25 6.00 130482.37 860.44 909.25 6.00 130482.37 860.44

Paperboard 14498.48 52876.80 4143.10 60.07 1985904.19 28792.59 4143.10 219.07 1985904.19 105008.26 4709.10 68.27 2823693.65 40939.26 3695.89 53.58 1374475.46 19927.80

Cardboard 52876.80 14498.48 3021.44 159.76 1316414.97 69607.81 3021.44 43.81 1316414.97 19086.01 3434.21 181.59 1871768.34 98973.12 2695.30 142.52 911111.46 48176.66

Cleaning Compounds 2131.11 2344.23 60.26 0.13 24635.26 52.50 60.26 0.14 24635.26 57.75 139.34 0.30 28608.69 60.97 42.36 0.09 24635.26 52.50

Plastic bag 2501.01 2104.63 1080.51 2.70 179404.72 448.69 1080.51 2.27 179404.72 377.58 1080.51 2.70 179404.72 448.69 1080.51 2.70 179404.72 448.69

Plastic Film 2104.63 2501.01 1350.19 2.84 384205.68 808.61 1350.19 3.38 384205.68 960.90 1579.82 3.32 1178643.89 2480.61 1178.85 2.48 365379.61 768.99

Electricity 7002.23 7702.46 12082.91 84.61 11192216.95 78370.51 12082.91 93.07 11192216.95 86207.56 12082.91 84.61 11192216.95 78370.51 12082.91 84.61 11192216.95 78370.51

Baseline Alternative Spend Minimum Hotspot Parameter Values Maxiumum Hotspot Parameter Values

Product Categories Spend ($)
Alternative 
Spend ($)
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Table A. 8. Total GWP impact characterization for each product category, methods and results.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Baseline Product 
Price ($/unit)

Process-LCA 
Cumulative Hotspot   

Kg CO2e/unit

Cumulative Hotspot 
Kg CO2e/$

Cumulative 
Hotspot % 

Contribution to 
Total Impact

Total Kg 
CO2e/$

Product 
Category 

Spend

Total Kg 
CO2e

A B C = B/A D E=C/D F G = E x F

Corrugated Board Kg 0.297 0.69 2.33 85% 2.74 52876.80 144935
Paperboard Kg 0.300 0.96 3.20 85% 3.76 14498.48 54493

Film Kg 2.34 2.46 1.05 86% 1.22 2104.63 2578
Bag Kg 4.55 4.46 0.98 100% 0.98 2501.01 2452
Corn Kg 0.14 0.31 2.25 100% 2.25 40549.02 91103

Wheat Kg 0.20 0.17 0.82 100% 0.82 6594.28 5439
Electricity kWh 0.07 0.77 11.00 100% 11.00 7002.23 76755

Cleaning Compounds Gal 16.22 0.62 0.04 70% 0.05 2131.11 116

UnitProduct Category
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Table A. 9. Shadow prices on budget constraints and sensitivity of shadow price estimates. 

 

Shadow prices indicate the change in environmental impact when an additional dollar of spend is allocated 
to each product category (in silo approach) and to the portfolio budget (in portfolio approach) (i.e. the 
impact return from additional $ spend).  The shadow prices are a result of the optimal product option 
selections for each additional dollar; the size of the budgetary range for which the shadow prices are 
constant (D) indicates the magnitude for which the optimal product selections are stable, indicating how 
sensitive the selected product results are to perturbations in the original budget allocation. Greater stability 
in product selections likely leads to lower transaction costs associated with supplier transitions. Comparing 
the D’s of the two approaches, the product options selected under the portfolio approach are overall more 
stable than the selections made under the silo approach. A shadow price of zero means that reduction 
opportunities are accessible at a discount, therefore the budget is not restrictive for reducing impacts; thus 
indicating the departments ripe for reallocation of funds. The information gained from an assessment of 
shadow prices further highlights the usefulness of the HSA-PPO approach as a tool for EPP managers. 
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Table A. 10. Shadow prices on the physical unit constraints and sensitivity of shadow price estimates. 

 

Shadow prices indicate the change in environmental impact in each product category (in silo approach) and 
across categories (in portfolio approach) when an additional unit of product is required within each product 
category.  The shadow prices are a result of the optimal products selected for each additional unit 
requirement; the size of the physical unit range for which the shadow price is constant (D) indicates the 
magnitude for which the optimal product selections are stable, indicating how sensitive the selected product 
results are to perturbations in the original physical unit requirements. Comparing the D’s of the two 
approaches, the product options selected under the portfolio approach are overall more stable than the 
selections made under the silo approach.  
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Table A. 11. Containerboard (Corrugated Board and Paperboard) Environmental Attribute Definitions.  

 
 

Table A. 12. Cleaning Compound Environmental Attribute Definitions.  

Hotspot stages Attributes Definitions 
Soaps and 
Detergents 
Manufacturing 

Conventional formulation 
(palm kernel oil) 

Formulation composition (by weight): 
• Palm kernel oil Alcohol Ethoxylate (AE7): 10%; 
• Dipropylene Glycol Monomethyl Ether (DGME): 2.5% 
• Soda powder (Sodium Carbonate): 2.5% 
• Sodium Hydroxide (NaOH): 2.5% 
• Water: 82.5% 

Conventional formulation 
(coconut oil) 

Formulation composition (by weight): 
• Coconut oil Alcohol Ethoxylate (AE7): 10%; 
• Dipropylene Glycol Monomethyl Ether (DGME): 2.5% 
• Soda powder (Sodium Carbonate): 2.5% 
• Sodium Hydroxide (NaOH): 2.5% 
• Water: 82.5% 

GS37 formulation (petro) Formulation composition (by weight): 
• Petro-based Alcohol Ethoxylate (AE7): 11.5%; 
• Starch (Polyglucose): 7.5% 
• Alkylbenzene Sulfonate (linear petrochemical): 3.0% 
• Citric Acid (from starch): 2.5% 
• Water: 75.5% 

GS37 formulation (palm 
kernel oil 

Formulation composition (by weight): 
• Palm kernel oil Alcohol Ethoxylate (AE7): 11.5%; 
• Starch (Polyglucose): 7.5% 
• Alkylbenzene Sulfonate (linear petrochemical): 3.0% 
• Citric Acid (from starch): 2.5% 
• Water: 75.5% 

GS37 formulation (coconut 
oil) 

Formulation composition (by weight): 
• Coconut oil Alcohol Ethoxylate (AE7): 11.5%; 
• Starch (Polyglucose): 7.5% 
• Alkylbenzene Sulfonate (linear petrochemical): 3.0% 
• Citric Acid (from starch): 2.5% 
• Water: 75.5% 

Soaps and 
Detergents 
Packaging 

Large Bucket HDPE bucket can hold 275 gal liquid 
Recycled HDPE Bucket made from 100% recycled HDPE plastic 
Wind Electricity 100% of purchased electricity is generated from wind 

power 
Electric Efficiency 30% increase in electric efficiency (i.e. electricity 

consumption decreases by 30%) 
 

Hotspot stages Attributes Definitions 
Wood Harvesting 
/Extraction 

Low Intensity Harvest Forests are harvested at low intensity (considers 
harvested timber volume relative to the net annual 
increment) 

High Intensity Harvest Forests are harvested at high intensity (considers 
harvested timber volumes relative to the net annual 
increment) 

Paper and Paperboard 
Mills 

Electric Efficiency 30% increase in electric efficiency (i.e. electricity 
consumption decreases by 30%) 

Wind Electricity 100% of purchased electricity is generated from wind 
power 

Biomass Thermal 100% of the thermal energy internally generated from 
fossil sources is substituted with solid biomass 

75% Recycled content 75% (wt) of the board composition is made from post-
consumer recycled fibers 

Containerboard Box 
Manufacturing 

Electric Efficiency 30% increase in electric efficiency (i.e. electricity 
consumption decreases by 30%) 

Thermal Efficiency 30% increase in thermal energy efficiency (i.e. thermal 
energy consumption decreases by 30%) 

Wind Electricity  100% of purchased electricity is generated from wind 
power 
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Table A. 13. Plastic Film Environmental Attribute Definitions.  

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table A. 14. Corn Environmental Attribute Definitions.  

Hotspot Attributes Definition 

Grain Farming  
(captures all upstream impacts) 

Organic Wheat grain substitute 
Wheat are farmed using organic practices (no 
synthetic fertilizers, no herbicides/pesticides) 
is used to substitute corn grain in products 

Precision Farmed Wheat grain 
substitute 

Wheat is farmed using precision agriculture 
technology such as variable rate fertilization 
is used to substitute corn grain in products 

Wheat grain substitute Wheat grain is used to substitute corn grain 
in products 

Precision farmed corn  Corn is farmed using precision agriculture 
technology such as variable rate fertilization  

Organic corn  
Organic corn grain using organic practices 
(no synthetic fertilizers, no 
herbicides/pesticides)  

 
 
 

 

 

 

 

Hotspot stages Attributes Definitions 
Resin 
Manufacturing 

LDPE Low Density Polyethylene resin produced from fossil-fuel 
sources 

PET Polyethylene Terephthalate resin produced from fossil-fuel 
sources 

PP Polypropylene resin produced from fossil-fuel sources 

HDPE High Density Polyethylene resin produced from fossil-fuel 
sources 

Biobased (corn) LDPE Low Density Polyethylene resin (fossil produced ethylene 
replaced with ethylene produced from corn feedstocks) 

Biobased (corn) PET Polyethylene terephthalate resin (fossil produced ethylene glycol 
replaced with ethylene glycol produced from corn feedstock) 

Biobased (corn) PP Polypropylene resin (fossil produced ethylene replaced with 
ethylene produced from corn feedstock) 

Biobased (sugar cane) 
LDPE 

Low Density Polyethylene resin (fossil produced ethylene 
replaced with ethylene produced from sugar cane feedstocks) 

Biobased (sugar cane) 
PET 

Polyethylene terephthalate resin (fossil produced ethylene glycol 
replaced with ethylene glycol produced from sugar cane 
feedstock) 

Biobased (sugar cane) PP Polypropylene resin (fossil produced ethylene replaced with 
ethylene produced from sugar cane feedstock) 

Recycled PET Polyethylene Terephthalate resin produced from post-consumer 
recycled PET 

Recycled HDPE High Density Polyethylene resin produced from post-consumer 
recycled HDPE 

Film 
Manufacturing 

Electric Efficiency 30% increase in electric efficiency (i.e. electricity consumption 
decreases by 30%) 

Wind Electricity 100% of purchased electricity is generated from wind power 
Thermal Efficiency 30% increase in thermal energy efficiency (i.e. thermal energy 

consumption decreases by 30%) 
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Table A. 15. Wheat Environmental Attribute Definitions.  

Hotspot Attributes Definition 

Grain Farming  
(captures all upstream impacts) 

Organic Wheat Wheat are farmed using organic practices (no 
synthetic fertilizers, no herbicides/pesticides) 

Precision Farmed Wheat Wheat is farmed using precision agriculture 
technology to use variable rate fertilization 

Corn grain substitute Corn grain is used to substitute wheat grain in 
products 

Precision farmed corn grain 
substitute 

Precision farmed corn grain using variable 
rate fertilization is used to substitute wheat 
grain in products 

Organic corn grain substitute 

Organic corn grain using organic practices 
(no synthetic fertilizers, no 
herbicides/pesticides) is used to substitute 
wheat grain in products 

 
Table A. 16. Plastic Bag Environmental Attribute Definitions.  

Hotspot Attributes Definitions 
Bag Manufacturing 
(captures all upstream impacts) 

Lightweighting Reinforced plastic bag used in place of paperboard 
Lightweighting (HDPE) Reinforced plastic bag made with recycled HDPE 

resin used in place of paperboard 
Recycled HDPE Plastic bag made with recycled HDPE resin 

 
Table A. 17. Electricity Environmental Attribute Definitions  

Hotspot Attributes Definitions 
Electricity Generation/Supply 
(captures all upstream impacts) 

Wind Electricity 100% of purchased electricity is generated from 
wind power 

 
 

 
Life Cycle Inventories  
 
 
Cleaning Compounds 
 
Baseline Input Assumptions:  
 
Table A. 18. Conventional Multi-Purpose Cleaner (Petrochemical ingredients). 
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1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
 
 
 
 
Environmental Attribute Input Assumptions: 
 
Manufacturing/Formulation Hotspot 
 

Table A. 19. Bio-based Cleaners.  

Parameter Dataset Unit Attribute 
Inventory Amount Source 

Alcohol Ethoxylate 
(AE7) (coconut oil) 

RER: ethoxylated alcohols (AE7), coconut 
oil, at plant [Sufactants (tensides)]1 

Kg/kg 
cleaner 

.100 
Kapur et al 

(2012) Alcohol Ethoxylate 
(AE7) (palm kernel 
oil) 

RER: ethoxylated alcohols (AE7), palm 
kernel oil, at plant [Surfactants (tensides)]1 .100 

1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
 
 
Table A. 20. GS37 Cleaners.  

Parameter Dataset Unit Attribute 
Inventory Amount Source 

Alcohol 
Ethoxylate 
(petrochemical) 

RER: ethoxylated alcohols (AE7), petrochemical, at 
plant [Surfactants (tensides)]1 

Kg/kg 
cleaner 

.115 

Kapur et al 
(2012) 

Alcohol 
Ethoxylate (AE7) 
(coconut oil) 

RER: ethoxylated alcohols (AE7), coconut oil, at 
plant [Surfactants (tensides)]1 .115 

Alcohol 
Ethoxylate (AE7) 
(palm kernel oil) 

RER: ethoxylated alcohols (AE7), palm kernel oil, at 
plant [Surfactants (tensides)]1 .115 

Starch (glucose) US: Starch (Polyglucose)4 .075 
Alkylbenzene 
Sulfonate 

RER: alkylbenzene sulfonate, linear, petrochemical, 
at plant [Surfactants (tesides)]1 .03 

Citric Acid from 
Starch 

US: Citric Acid (from starch)4 

.025 

Tap Water RER: tap water, at user (US electricity)1 .755 + 32 (from 
use phase) 

1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
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Primary Packaging Hotspot 
 
Table A. 21. Large bucket, Recycled Content, Electric Energy Efficiency, Wind Electricity for packaging.

  

Note: Primary packaging input value estimates for conventional cleaning compounds is provided by Dan 
Dagget from Sealed Air Corporation and Stan Mierzejewski from Tennant Company.  
1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net salable product (plastic bag) 
 
 
 
 
Plastic Films 
 
Table A. 22. Plastic Film Baseline Input Assumption.  

Hotspot Life 
Cycle Stage Parameter Dataset Unit 

Baseline 
Inventory 
Amount 

Source 

Resin 
Manufacturing 

LLDPE 
Granulate** 

EU-27: Polyethylene Linear Low 
Density Granulate (LLDPE/PE-LLD)4 

Kg/kg nsp 

1.02 Freedonia 2012 

RNA: Linear Low Density 
Polyethylene resin, at plant3 1.074 Baitz 2014 

DE: Granulator4 1.02 

EcoInvent 2013 Film 
Manufacturing 

Lubricating oil RER: lubricating oil, at plant1 1.071e-4 
Core board RER: core board, at plant1 7.47e-3 

LDPE* RER: polyethylene, LDPE, granulate, 
at plant1 2.19e-3 

PP* RER: polypropylene, granulate, at 
plant1 6.97e-4 

PVC* RER: polyvinylchloride, suspension 
polymerised, at plant1 4.98e-5 

Steam RER: steam, for chemical processes, 
at plant1 5.92e-2 

SBB RER: solid bleached board, SBB, at 
plant1 9.96e-4 
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Disposal 
CH: disposal, plastics, mixture, 
15.3% water, to municipal 
incineration 

2.46e-2 

Packaging Box* RER: packaging box production unit1 

Pcs/kg nsp 1.43e-9 
Flat Pallet RER: EUR-flat pallet1 1.47e-3 

Coal RER: heat, at hard coal industrial 
furnace 1-10 MW1 

MJ/kg nsp 

7.66e-2 

Natural Gas RER: heat, natural gas, at industrial 
furnace >100 kW1 6.13e-1 

Heavy Fuel Oil RER: heat, heavy fuel oil, at 
industrial furnace 1 MW1 1.37e-1 

Electricity US: electricity, medium voltage, at 
grid1 2.43 

Particle board RER: particle board, outdoor use, at 
plant1 M3/kg nsp 2.19e-5 

Water Water (elementary flow) 44.57 

Transport RER: transport, lorry 3.5-16t, fleet 
average1 Tkm/kg nsp 1.2e-2 

*Film extrusion dataset includes the materials (plastics, box, etc.) require to package the plastic film per kg  
**Water impacts taken from EU dataset due to availability of water data. GWP impacts taken from RNA 
dataset.  
1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net saleable product (plastic film) 
 
 
Environmental Attribute Input Assumptions 
 
Film Manufacturing Parameters 
 

Table A. 23. Electric Energy Efficiency (30% reduction in electricity), Wind electricity, Thermal Energy 
Efficiency (30% reduction in thermal energy requirements).  

1 EcoInvent 

Parameter Dataset Unit 

Attribute Inventory Amount 

Source Wind 
Electricity 

Thermal 
Energy 

Efficiency 

Electric 
Energy 

Efficiency 

Electricity US: electricity, medium voltage, at grid1 MJ/kg 
nsp 

0 2.43 1.7 

EcoInvent 
2013 

US: electricity from wind power1 2.43 0 0 

Natural Gas RER: heat, natural gas, at industrial 
furnace >100kW1 .613 .429 .613 

Coal RER: heat, at hard coal industrial furnace 
1-10MW1 7.51e-2 5.37e-2 7.51e-2 

Heavy Fuel 
Oil 

RER: heat, heavy fuel oil, at industrial 
furnace 1 MW1 

1.37e-1 9.57e-2 1.37e-1 

Biomass CH: heat, mixed chips from industry, at 
furnace 1000 kW1 0 0 0 

Water Water (elementary flow) 44.6 44.6 44.6 
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2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net saleable product (plastic film) 
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Resin Manufacturing Hotspot 
Table A. 24. Alternative Fossil Resin types (LDPE, PET, PP, HDPE), Alternative recycled resin types (HDPE, PET), and alternative Bio-based Resin 
types (LDPE, PET, PP) made from different renewable materials (corn, and sugarcane). 

 

*Only GWP impacts available, water impacts unavailable due to data availability 
1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
nsp = net saleable product (plastic film) 
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Containerboard (Corrugated Board and Paperboard) 
 
Baseline Input Assumptions: 
  
Table A. 25. Forest Production (70% from SE, 30% from PNW) baseline assumptions.  

Parameter Dataset Unit 
Baseline Inventory Amount 

Source Corrugated 
Board Paperboard 

Diesel 
US: Diesel, 
combusted in 
industrial equipment2 M3/m3 

softwood 

2.57e-3 

USLCI 2012; 
Kramer 2009 

Gasoline 
US: Gasoline, 
combusted in 
equipment2 

2.26e-5 

Seedlings US: Seedlings, at 
greenhouse2 

Pcs/m3 

softwood 5.27 

Nitrogen 
US: Nitrogen 
fertilizer, production 
mix, at plant2 

Kg/m3 

softwood 

4.99e-1 

Phosphorus 
US: Phosphorus 
fertilizer, production 
mix, at plant2 

8.58e-2 

Lubricants 
US: 
Dummy_lubricants, 
unspecified at plant2 

3.69e-2 

Carbon 
dioxide 

Carbon dioxide 
[Renewable 
resources]2 

9.42e-2 

Transport 
Transport, 
combination truck, 
avg. fuel mix 

Kgkm/m3 

softwood 1.2e-5 

1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
 
Table A. 26. Manufacturing: Container-board Converting Plant (65% virgin [kraft and semi-chemical 
fluting], 35% recycled [testliner and wellenstoff]) baseline assumptions.  

Parameter Dataset Unit 

Baseline Inventory 
Amount Source Corrugated 

Board Paperboard 

Kraftliner 

Manufacturing 
Containerboard Mill Kg/kg nsp 

4.76e-1 7.22e-1 

PE 2009; EPA 
2012 

Testliner 2.56e-1 3.89e-1 
Wellenstoff 1.32e-1 0 
Semi-
chemical 2.45e-1 0 

LPG 
US: liquefied petroleum gas, 
combusted in industrial 
boiler3 

M3/kg nsp 

1.17e-6 

PE 2009 

Natural Gas 
RNA: Natural gas, 
combusted in industrial 
equipment3 

2.87e-2 

Water RER: Tap water, at user1.5 

Kg/kg nsp 

3.12e-1 
Starch US: Starch (polyglucose)4 1.18e-2 

Adhesives US: Polyvinyl alcohol (from 
vinyl acetate) (PVAL)4 7.94e-4 

Ink RER: Printing colour, offset, 
47.5% solvent, at plant1 8.47e-4 

Borax US: Sodium borates, at 
plant1 3.11e-4 
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Sodium 
Carbonate 

US: Soda, powder, at plant3 

7.86e-4 

Coatings RER: Coating powder, at 
plant1 7.05e-4 

Wax US: Wax/Paraffins at 
refinery4 4.74e-3 

Electricity 
(purchased) 

US: electricity, medium 
voltage, at grid1 

MJ/kg nsp 

4.24e-1 

Diesel GLO: diesel, burned in 
building machine1 3.63e-2 

Heavy Fuel 
Oil 

RER: Heavy fuel oil, burned 
in industrial furnace, 1 MW, 
non-modulating1 

4.63e-2 

Light Fuel 
Oil 

RER: heat, light fuel oil, at 
industrial furnace, 1 MW1 2.81e-1 

Landfill 
CH: disposal, municipal 
solid waste, 22.9% water, to 
sanitary landfill1 

Kg/kg nsp 

3.73e-3 

Incineration 
CH: disposal, municipal 
solid waste, 22.% water, to 
municipal incineration1 

6.23e-5 

Hazardous 
Waste 
Incineration 

CH: disposal, hazardous 
waste, 25% water, to 
hazardous waste 
incineration1 

1.55e-6 

1 EcoInvent 
2 USLCI 
3 USLCI/PE 
4 PE 
nsp = nsp = net saleable product (including folded box and glue) 
 
 
 
Table A. 27. Manufacturing: Container-board Mill Baseline.  

Parameter Dataset Unit 
Baseline Inventory Amount 

Source Corrugated 
Board Paperboard 

Softwood logs 

US: Softwood logs with bark, harvested at 
average intensity site, at mill, US PNW2 

M3/kg nsp 

3.885e-4 3.99e-4 

FEFCO 
2012; PE 

2009; EPA 
2012 

US: Softwood logs with bark, harvested at 
average intensity site, at mill, US SE2 9.065e-4 9.31e-4 

Sawmill 
residues 

RER: Industrial residue wood, mix, 
softwood, u=40%, at plant1 8.735e-4 1.323e-3 

RER: Industrial residue wood, mix, 
hardoow, u=40%, at plant1 1.437e-4 0 

Gasoline US: Gasoline, combusted in equipment3 

M3/kg nsp 

7.032e-8 7.151e-8 

LPG US: Liquefied petroleum gas, combusted 
in industrial equipment3 1.496e-4 2.859e-7 

Natural Gas RNA: Natural Gas, combusted in 
industrial equipment3 8.992e-2 8.767e-2 

Recovered 
paper 

RER: waste paper, sorted, for further 
treatment1 

Kg/kg nsp 

5.952e-1 6.505e-1 

Purchased 
Pulp 

RER: Sulphate pulp, average, at regional 
storage1 3.667e-2 5.556E-2 

RER: sulphate pulp, unbleached, at plant1 2.782E-2 3.175E-2 
Sodium 

carbonate US: Soda, powder, at plant3 2.893E-3 2.893E-3 

Sodium sulfate Sodium sulphate, powder, production mix, 
at plant1 2.82E-3 2.82E-3 

Hard Coal RNA: Anthracite coal, combusted in 
industrial boiler2 7.705e-2 7.692e-2 

Biomass US: Wood waste, unspecified, combusted 
in industrial boiler2 1.41e-1 1.41e-1 

Tires US: Dummy_Waste, tire derived, 
combusted in industrial boiler4 1.12e-2 1.12e-2 



	 155	

Water RER: Tap water, at user1.5 4.416e-1 4.372e-1 
Diesel GLO: Diesel, burned in building machine1 

MJ/kg nsp 

1.173e-1 1.19e-1 
Electricity 

(purchased) US: electricity, medium voltage, at grid1 1.465 1.465 

Heavy Fuel Oil RER: Heavy fuel oil, burned in industrial 
furnace 1 MW, non-modulating1 6.31e-1 6.309e-1 

Light Fuel Oil RER: Light fuel oil, burned in industrial 
furnace 1 MW, non-modulating1 1.471e-1 1.475e-1 

Steam US: Process steam from natural gas 95%4 5.811e-1 5.768e-1 

Hydropower US: electricity, hydropower, at pumped 
storage power plant1 1.94e-3 1.941e-3  

1 EcoInvent 
1.5 Modified EcoInvent (accounts for US electricity production) 
2 USLCI 
3USLCI/PE 
4 PE 
nsp = net saleable product (including folded box and glue) 
 
 
Environmental Attribute Input Assumptions 
 
Corrugated Board 
Table A. 28. Corrugated Board Forest Production Attributes.  

Parameter Dataset Unit 

Attribute Inventory Amount 
(70% from SE, 30% from PNW) 
Low Intensity 

Harvest 
High Intensity 

Harvest 
Diesel Diesel, combusted in industrial equipment4 M3/m3 

softwood 
2.45e-3 2.67e-3 

Gasoline Gasoline, combusted in equipment4 2.47e-5 1.59e-5 

Seedlings Seedlings, at greenhouse4 Pcs/m3 

softwood 5.69 3.77 

Nitrogen Nitrogen fertilizer, production mix, at plant 
Kg/m3 

softwood 

* 1.5 

Phosphorus Phosphorus fertilizer, production mix, at 
plant4 * 2.7e-1 

Lubricants Lubricant 3.42e-2 3.82e-2 

Transport Transport, combination truck, avg. fuel mix Kgkm/m3 

softwood 1.25e5 1.51e5 
1 EcoInvent 
2 USLCI 
3USLCI/PE 
4 PE 
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Table A. 29. Corrugated Board Converting Plant Attributes.  

Parameter Dataset Unit 

Attribute Inventory Amount 
Electric Energy 
Efficiency (30% 

increase in 
efficiency) 

Thermal Energy 
Efficiency (30% 

increase in 
efficiency) 

Wind Electricity 
(100% of 
purchased 
electricity) 

75% 
Recycled 
Content 

Kraftliner 
Manufacturing 
Containerboard 

Mill 

Kg/kg 
nsp 

4.76e-1 4.76e-1 4.76e-1 1.83e-1 
Testliner 2.56e-1 2.56e-1 2.56e-1 5.49e-1 

Wellenstoff 1.32e-1 1.32e-1 1.32e-1 2.83e-1 
Semi-

Chemical 2.45e-1 2.45e-1 2.45e-1 9.44e-2 

Water RER: Tap 
water, at user1.5 3.12e-1 3.12e-1 3.12e-1 3.12e-1 

Starch US: Starch 
(polyglucose)4 1.18e-2 1.18e-2 1.18e-2 1.18e-2 

Adhesives 

US: Polyvinyl 
alcohol (from 
vinyl acetate) 

(PVAL)4 

7.94e-4 7.94e-4 7.94e-4 7.94e-4 

Ink 

RER: Printing 
colour, offset, 
47.5% solvent, 

at plant1 

8.47e-4 8.47e-4 8.47e-4 8.47e-4 

Borax 
US: Sodium 
borates, at 

plant1 
3.11e-4 3.11e-4 3.11e-4 3.11e-4 

Sodium 
Carbonate 

US: Soda, 
powder, at 

plant3 
7.86e-4 7.86e-4 7.86e-4 7.86e-4 

Coatings 
RER: Coating 

powder, at 
plant1 

7.05e-4 7.05e-4 7.05e-4 7.05e-4 

Wax 
US: 

Wax/Paraffins 
at refinery4 

4.74e-3 4.74e-3 4.74e-3 4.74e-3 

Biomass 

US: Wood 
waste, 

unspecified, 
combusted in 

industrial 
boiler2 

* * * * 

Electricity 
(purchased) 

US: electricity, 
medium 

voltage, at 
grid1 

MJ/kg 
nsp 

2.97e-1 4.24e-1 * 4.24e-1 

Diesel 

GLO: diesel, 
burned in 
building 
machine1 

3.63e-2 2.54e-2 3.63e-2 3.63e-2 

Heavy Fuel 
oil 

RER: Heavy 
fuel oil, burned 

in industrial 
furnace, 1 
MW, non-
modulating 

4.63e-1 3.24e-1 4.63e-1 4.63e-1 

Light Fuel oil 

RER: heat, 
light fuel oil, at 

industrial 
furnace 1 MW1 

2.81e-1 1.97e-1 2.81e-1 2.81e-1 

Natural Gas 

RNA: Natural 
gas, combusted 

in industrial 
equipment3 

M3/kg 
nsp 

2.87e-2 2.01e-2 2.87e-2 2.87e-2 

LPG US: liquefied 
petroleum gas, 1.17e-6 8.19e-7 1.17e-6 1.17e-6 
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combusted in 
industrial 

boiler3 

1 EcoInvent 
1.5 Modified EcoInvent (accounts for US electricity production) 
2 USLCI 
3USLCI/PE 
4 PE 
nsp = net saleable product (including folded box and glue) 
 
Table A. 30. Container board Mill attributes (corrugated board).  

Parameter Dataset Unit 

Attribute Inventory Amount 
Electric 
Energy 

Efficiency 
(30% 

increase in 
efficiency) 

Thermal 
Energy 

Efficiency 
(30% 

increase in 
efficiency) 

Wind 
Electricity 
(100% of 
purchased 
electricity) 

Biomass 
Thermal Energy 

(100% of 
purchased 

thermal energy) 

75% 
recycled 
content 

Biomass 

US: Wood 
waste, 
unspecified, 
combusted in 
industrial boiler2 

Kg/kg 
nsp 

1.41e-1 9.869e-2 1.41e-1 4.851e-1 5.423e-2 

Recovered 
Paper 

RER: Waste 
paper, sorted, for 
further 
treatment1 

5.952e-1 5.592e-1 5.592e-1 5.592e-1 9.643e-1 

Purchased 
Pulp 

RER: sulphate 
pulp, average, at 
regional storage1 

3.667e-2 3.667e-2 3.667e-2 3.667e-2 1.41e-2 

RER: sulphate 
pulp, 
unbleached, at 
plant1 

2.782e-2 2.782e-2 2.782e-2 2.782e-2 1.07e-2 

Sodium 
carbonate 

US: Soda, 
powder, at plant1 2.893e-3 2.893e-3 2.893e-3 2.893e-3 1.113e-3 

Sodium 
sulfate 

Sodium 
sulphate, 
powder, 
production mix, 
at plant1 

2.82e-3 2.82e-3 2.82e-3 2.82e-3 1.085e-3 

Hard Coal 

RNA: Anthracite 
coal, combusted 
in industrial 
boiler2 

7.705e-2 4.481e-2 7.705e-2 * 7.403e-2 

Tires 

US: 
Dummy)waste, 
tire derived, 
combusted in 
industrial boiler4 

1.21e-2 7.848e-3 1.121e-2 * 2.403e-2 

Water RER: Tap water, 
at user1.5 4.416e-1 4.416e-1 4.416e-1 4.416e-1 5.059e-1 

Gasoline 
US: Gasoline, 
combusted in 
equipment3 

M3/kg 
nsp 

7.032e-8 7.032e-8 7.032e-8 7.032e-8 4.4e-5 

LPG 

US: Liquefied 
petroleum gas, 
combusted in 
industrial 
equipment3 

1.496e-4 1.047e-4 1.496e-4 * 2.53e-4 

Natural Gas 

RNA: Natural 
gas, combusted 
in industrial 
equipment3 

8.992e-2 6.294e-2 8.992e-2 * 1.083e-1 

Softwood 
Logs 

US: softwood 
logs with bark, 

M3/kg 
nsp 3.885e-4 3.885e-4 3.885e-4 3.885e-4 1.494e-4 
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harvested at 
average intensity 
site, at mill, US 
PNW2 

US: Softwood 
logs with bark, 
harvested at 
average intensity 
site, at mill US 
SE2 

9.065e-4 9.065e-4 9.065e-4 9.065e-4 3.485e-4 

Sawmill 
residues 

RER: Indsutrial 
residue wood, 
mix, softwood, 
u=40%, at plant1 

8.735e-4 8.735e-4 8.735e-4 8.735e-4 3.36e-4 

RER: Industrial 
residue wood, 
mix, hardwood, 
u=40%, at plant1 

1.437e-4 1.437e-4 1.437e-4 1.437e-4 5.27e-5 

Steam 
US: Process 
steam from 
natural gas 85%4 

MJ/kg 
nsp 

5.811e-1 4.067e-1 5.811e-1 5.811e-1 6.615e-1 

Diesel 

GLO: Diesel, 
burned in 
building 
machine1 

1.173e-1 8.209e-2 1.173e-1 * 2.814e-3 

Electricity 
(purchased) 

US: electricity, 
medium voltage, 
at grid1 

1.025 1.465 * 1.465 7.62e-1 

US: electricity, 
from wind 
power4 

* * 1.465 * * 

Heavy Fuel 
Oil 

RER: Heavy 
fuel oil, burned 
in industrial 
furnace, 1 MW, 
non-modulating1 

6.31e-1 4.417e-1 6.31e-1 * 6.033e-3 

Light Fuel 
oil 

RER: Light fuel 
oil, burned in 
industrial 
furnace 1 MW, 
non-modulating1 

1.47e-1 1.03e-1 1.47e-1 * 1.787e-3 

Hydropower 

US: electricity, 
hydropower, at 
pumped storage 
power plant1 

1.358e-3 1.94e-3 1.94e-3 1.94e-3 1.01e-3 

1 EcoInvent 
2 USLCI 
3USLCI/PE 
4 PE 
nsp = net saleable product (including folded box and glue) 
 
 
Paperboard 
 
Table A. 31. Forest Production Baseline Assumptions.  

Parameter Dataset Unit 
Attribute Inventory Amount (70% from SE, 30% from PNW) 

Low Intensity 
Harvest High Intensity Harvest 

Diesel Diesel, combusted in 
industrial equipment4 M3/m3 

softwood 

2.45e-3 2.67e-3 

Gasoline Gasoline, combusted in 
equipment4 2.47e-5 1.59e-5 

Seedlings Seedlings, at greenhouse4 Pcs/m3 

softwood 5.69 3.77 
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Nitrogen Nitrogen fertilizer, 
production mix, at plant Kg/m3 

softwood 

* 1.5 

Phosphorus Phosphorus fertilizer, 
production mix, at plant4 * 2.7e-1 

Lubricants Lubricant 3.42e-2 3.82e-2 

Transport Transport, combination 
truck, avg. fuel mix 

Kgkm/m3 

softwood 1.25e5 1.51e5 
1 EcoInvent 
2 USLCI 
3USLCI/PE 
4 PE 
 
 
Table A. 32. Paperboard Converting Plant Attributes.  

Parameter Dataset Unit 

Attribute Inventory Amount  
Electric Energy 
Efficiency (30% 

increase in 
efficiency) 

Thermal Energy 
Efficiency (30% 

increase in 
efficiency) 

Wind Electricity 
(100% of 
purchased 
electricity) 

75% 
Recycled 
Content 

Kraftliner 

Manufacturing 
Containerboard Mill 

Kg/kg 
nsp 

7.22e-1 7.22e-1 7.22e-1 2.78e-1 
Testliner 2.56e-1 2.56e-1 2.56e-1 8.33e-5 

Wellenstoff 0 0 0 0 
Semi-

Chemical 0 0 0 0 

Water RER: Tap water, at user1.5 3.12e-1 3.12e-1 3.12e-1 3.12e-1 
Starch US: Starch (polyglucose)4 1.18e-2 1.18e-2 1.18e-2 1.18e-2 

Adhesives 
US: Polyvinyl alcohol 
(from vinyl acetate) 

(PVAL)4 
7.94e-4 7.94e-4 7.94e-4 7.94e-4 

Ink 
RER: Printing colour, 

offset, 47.5% solvent, at 
plant1 

8.47e-4 8.47e-4 8.47e-4 8.47e-4 

Borax US: Sodium borates, at 
plant1 3.11e-4 3.11e-4 3.11e-4 3.11e-4 

Sodium 
Carbonate 

US: Soda, powder, at 
plant3 7.86e-4 7.86e-4 7.86e-4 7.86e-4 

Coatings RER: Coating powder, at 
plant1 7.05e-4 7.05e-4 7.05e-4 7.05e-4 

Wax US: Wax/Paraffins at 
refinery4 4.74e-3 4.74e-3 4.74e-3 4.74e-3 

Biomass 
US: Wood waste, 

unspecified, combusted in 
industrial boiler2 

* * * * 

Electricity 
(purchased) 

US: electricity, medium 
voltage, at grid1 

MJ/kg 
nsp 

2.97e-1 4.24e-1 * 4.24e-1 

Diesel GLO: diesel, burned in 
building machine1 3.63e-2 2.54e-2 3.63e-2 3.63e-2 

Heavy Fuel 
oil 

RER: Heavy fuel oil, 
burned in industrial 

furnace, 1 MW, non-
modulating 

4.63e-1 3.24e-1 4.63e-1 4.63e-1 

Light Fuel 
oil 

RER: heat, light fuel oil, 
at industrial furnace 1 

MW1 
2.81e-1 1.97e-1 2.81e-1 2.81e-1 

Natural 
Gas 

RNA: Natural gas, 
combusted in industrial 

equipment3 

M3/kg 
nsp 2.87e-2 2.01e-2 2.87e-2 2.87e-2 
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LPG 
US: liquefied petroleum 

gas, combusted in 
industrial boiler3 

1.17e-6 8.19e-7 1.17e-6 1.17e-6 

1 EcoInvent 
2 USLCI 
3USLCI/PE 
4 PE 
 

Table A. 33. Containerboard Mill Hotspots (paperboard).  

Parameter Dataset Unit 

Attribute Inventory Amount 
Electric 
Energy 

Efficiency 
(30% increase 
in efficiency) 

Thermal Energy 
Efficiency (30% 

increase in 
efficiency) 

Wind Electricity 
(100% of 
purchased 
electricity) 

75% recycled 
content 

Biomass 
US: Wood waste, 
unspecified, combusted 
in industrial boiler2 

Kg/kg 
nsp 

1.41e-1 9.869e-2 1.41e-1 5.423e-2 

Recovered 
Paper 

RER: Waste paper, 
sorted, for further 
treatment1 

6.505e-1 6.505e-1 6.505e-1 9.879e-1 

Purchased 
Pulp 

RER: sulphate pulp, 
average, at regional 
storage1 

5.556e-2 5.556e-2 5.556e-2 2.137e-2 

RER: sulphate pulp, 
unbleached, at plant1 3.175e-2 3.175e-2 3.175e-2 1.22e-2 

Sodium 
carbonate 

US: Soda, powder, at 
plant1 2.893e-3 2.893e-3 2.893e-3 1.113e-3 

Sodium 
sulfate 

Sodium sulphate, 
powder, production mix, 
at plant1 

2.82e-3 2.82e-3 2.82e-3 1.085e-3 

Hard Coal 
RNA: Anthracite coal, 
combusted in industrial 
boiler2 

7.692e-2 4.489e-2 7.692e-2 7.302e-2 

Tires 
US: Dummy)waste, tire 
derived, combusted in 
industrial boiler4 

1.21e-2 7.848e-3 1.121e-2 2.403e-2 

Water RER: Tap water, at 
user1.5 4.372e-1 4.372e-1 4.372e-1 4.721e-1 

Gasoline US: Gasoline, combusted 
in equipment3 

M3/kg 
nsp 

7.151e-8 7.151e-8 7.151e-8 5.072e-5 

LPG 
US: Liquefied petroleum 
gas, combusted in 
industrial equipment3 

2.859e-7 2.001e-7 2.859e-7 2.246e-4 

Natural Gas 
RNA: Natural gas, 
combusted in industrial 
equipment3 

8.767e-2 6.137e-2 8.767e-2 9.604e-2 

Softwood 
Logs 

US: softwood logs with 
bark, harvested at 
average intensity site, at 
mill, US PNW2 

M3/kg 
nsp 

3.99e-4 3.99e-4 3.99e-4 1.534e-4 

US: Softwood logs with 
bark, harvested at 
average intensity site, at 
mill US SE2 

9.31e-4 9.31e-4 9.31e-4 3.58e-4 

Sawmill 
residues 

RER: Industrial residue 
wood, mix, softwood, 
u=40%, at plant1 

1.323e-3 1.323e-3 1.323e-3 5.09e-4 

RER: Industrial residue 
wood, mix, hardwood, 
u=40%, at plant1 

0 0 0 0 

Steam US: Process steam from 
natural gas 85%4 MJ/kg 

nsp 

5.768e-1 4.037e-1 5.768e-1 6.285e-1 

Diesel GLO: Diesel, burned in 
building machine1 1.193e-1 8.348e-2 1.193e-1 2.517e-3 
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Electricity 
(purchased) 

US: electricity, medium 
voltage, at grid1 1.025 1.465 * 7.63e-1 

US: electricity, from 
wind power4 * * 1.465 * 

Heavy Fuel 
Oil 

RER: Heavy fuel oil, 
burned in industrial 
furnace, 1 MW, non-
modulating1 

6.31e-1 4.417e-1 6.31e-1 6.033e-3 

Light Fuel 
oil 

RER: Light fuel oil, 
burned in industrial 
furnace 1 MW, non-
modulating1 

1.475e-1 1.03e-1 1.475e-1 1.853e-3 

Hydropower 
US: electricity, 
hydropower, at pumped 
storage power plant1 

1.358e-3 1.94e-3 1.94e-3 1.01e-3 

1 EcoInvent 
1.5 Modified EcoInvent (accounts for US electricity production) 
2 USLCI 
3USLCI/PE 
4 PE 
nsp = net saleable product (including folded box and glue) 
 
 
Wheat 
 
Table A. 34. Wheat Baseline Input Assumptions.  

Parameter Dataset Unit 
Baseline 
Inventory 
Amount 

Nitrogen 

RER: Ammonium Nitrate, as N, at 
regional storehouseA 

Kg 

8.08e-3 

RER: Urea, as N, at regional storehouseA 7.07e-3 
RER: Ammonia, liquid, at regional 
storehouseA 2.02e-2 

Phosphate Diammonium phosphate, as P2O5, at 
regional storehouse Kg 8.1e-3 

Potassium US: Potassium Chloride (agrarian)C Kg 5.3e-4 

Sulfur US: Sulphur (elemental) at refineryC Kg 2.7e-3 

Herbicide RER: herbicides, at regional storehouseA Kg 1.6e-4 

Fungicide RER: fungicides, at regional storehouseA Kg 1.9e-6 

Insecticides RER: insecticides, at regional storehouseA Kg 0 

Lime US: Quicklime, at plantD Kg 1.87e-2 

Diesel US: Diesel, combusted in industrial 
equipmentB M3 9.81e-6 

Gasoline US: Gasoline, combusted in equipmentB M3 2.36e-6 

Electricity US: electricity, medium voltage, at grid1 MJ 3.22e-2 

Natural Gas RNA: Natural Gas, at consumerA Kg 1.31e-3 

LPG US: Liquefied Petroleum Gas (LPG) (70% 
propane; 30% butane)C Kg 8.0e-5 

Irrigation US: IrrigatingA M3 .0725 

Yield  Kg wheat 1 
1 EcoInvent 
2 USLCI 
3USLCI/PE 
4 PE 
nsp = net salable product (wheat) 
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Environmental Attribute Input Assumptions  
 
Table A. 35. Organic Wheat, Precision Farmed Wheat, Organic Corn, Precision Farmed Corn.  

Parameter Dataset Unit 

Attribute Inventory Amount 

Organic 
Wheat 

Organic 
Corn 

Precision 
Farming 
Wheat 

Precision 
Farming 

Corn 

Nitrogen 

RER: Ammonium Nitrate, as 
N, at regional storehouseA 

Kg/kg 
nsp 

0 0 

5.32e-3 1.29e-2 

RER: Urea, as N, at regional 
storehouseA 4.655e-3 9.7e-3 

RER: Ammonia, liquid, at 
regional storehouseA 0 5.5e-3 

Phosphate Diammonium phosphate, as 
P2O5, at regional storehouse 0 0 1.6e-3 .0147 

Potassium US: Potassium Chloride 
(agrarian)C 0 0 5.3e-4 .0134 

Sulfur US: Sulphur (elemental) at 
refineryC 0 0 2.7e-3 1.37e-3 

Herbicide RER: herbicides, at regional 
storehouseA 0 0 1.6e-4 2.71e-4 

Fungicide RER: fungicides, at regional 
storehouseA 0 0 1.9e-6 4.9e-7 

Insecticides RER: insecticides, at regional 
storehouseA 0 0 0 1.4e-6 

Lime US: Quicklime, at plantD 1.87e-2 3.12e-3 1.87e-2 3.12e-3 

Diesel US: Diesel, combusted in 
industrial equipmentB 

M3/nsp 
1.25e-5 7.8e-6 6.87e-6 5.19e-6 

Gasoline US: Gasoline, combusted in 
equipmentB 3e-6 2.4e-6 1.65e-6 1.63e-6 

Electricity US: electricity, medium 
voltage, at grid1 MJ/nsp 3.22e-2 4.82e-2 .0322 4.82e-2 

Natural Gas RNA: Natural Gas, at 
consumerA 

Kg/nsp 

1.31e-3 5.96e-2 1.31e-3 5.96e-2 

LPG 
US: Liquefied Petroleum Gas 
(LPG) (70% propane; 30% 
butane)C 

8.0-5 2.99e-3 8.0-5 2.99e-3 

Green 
Manure 

CH: green manure organic, 
until AprilA Sqm/nsp 3.58 1.04 0 0 

Poultry 
Manure 

CH: poultry manure, dried, at 
regional storehouseA,E Kg/nsp 1.4 1.2 0 0 

Irrigation US: IrrigatingA M3/nsp .0725 .0439 .0725 .0439 

Yield Relative to baseline yield = 1 Kg 
wheat .72 .885 1 1 

 
1 EcoInvent 
2 USLCI 
3USLCI/PE 
4 PE 
nsp = net salable product (wheat) 
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Corn 
 
Table A. 36. Corn Baseline Input Assumptions.  

Parameter Dataset Unit 
Baseline 
Inventory 
Amount 

Nitrogen 

RER: Ammonium Nitrate, as N, at regional 
storehouseA 

Kg/nsp 

.0156 

RER: Urea, as N, at regional storehouseA .0117 
RER: Ammonia, liquid, at regional storehouseA .0066 

Phosphate Diammonium phosphate, as P2O5, at regional 
storehouse 3.43e-2 

Potassium US: Potassium Chloride (agrarian)C .0134 

Sulfur US: Sulphur (elemental) at refineryC 1.37e-3 

Herbicide RER: herbicides, at regional storehouseA 2.71e-4 

Fungicide RER: fungicides, at regional storehouseA 4.9e-7 

Insecticide RER: insecticides, at regional storehouseA 1.4e-6 

Lime US: Quicklime, at plantD 3.12e-3 

Diesel US: Diesel, combusted in industrial equipmentB 
M3/nsp 

7.63e-6 

Gasoline US: Gasoline, combusted in equipmentB 2.4e-6 

Electricity US: electricity, medium voltage, at grid1 MJ/nsp 4.82e-2 

Natural Gas RNA: Natural Gas, at consumerA 
Kg/nsp 

5.96e-2 

LPG US: Liquefied Petroleum Gas (LPG) (70% propane; 
30% butane)C 2.99e-3 

Irrigation US: IrrigatingA M3/nsp .0439 

Yield  Kg 
corn 1 

 
1 EcoInvent 
2 USLCI 
3USLCI/PE 
4 PE 
nsp = net salable product (corn) 
 
Environmental Attribute Input Assumptions 
 
Table A. 37. Organic Wheat, Precision Farmed Wheat, Organic Corn, Precision Farmed Corn.  

Parameter Dataset Unit 

Attribute Inventory Amount 

Organic 
Wheat 

Organic 
Corn 

Precision 
Farming 
Wheat 

Precision 
Farming 

Corn 

Nitrogen 

RER: Ammonium Nitrate, as N, at 
regional storehouse A 

Kg/kg 
nsp 

0 0 

5.32e-3 1.29e-2 

RER: Urea, as N, at regional storehouse 
A 4.655e-3 9.7e-3 

RER: Ammonia, liquid, at regional 
storehouse A 0 5.5e-3 

Phosphate Diammonium phosphate, as P2O5, at 
regional storehouse 0 0 1.6e-3 .0147 

Potassium US: Potassium Chloride (agrarian)C 0 0 5.3e-4 .0134 

Sulfur US: Sulphur (elemental) at refinery C 0 0 2.7e-3 1.37e-3 



	 164	

Herbicide RER: herbicides, at regional storehouse 
A 0 0 1.6e-4 2.71e-4 

Fungicide RER: fungicides, at regional storehouse 
A 0 0 1.9e-6 4.9e-7 

Insecticides RER: insecticides, at regional 
storehouse A 0 0 0 1.4e-6 

Lime US: Quicklime, at plant D 1.87e-2 3.12e-3 1.87e-2 3.12e-3 

Diesel US: Diesel, combusted in industrial 
equipment B 

M3/nsp 
1.25e-5 7.8e-6 6.87e-6 5.19e-6 

Gasoline US: Gasoline, combusted in equipment 
B 3e-6 2.4e-6 1.65e-6 1.63e-6 

Electricity US: electricity, medium voltage, at 
grid1 MJ/nsp 3.22e-2 4.82e-2 .0322 4.82e-2 

Natural Gas RNA: Natural Gas, at consumer A 

Kg/nsp 
1.31e-3 5.96e-2 1.31e-3 5.96e-2 

LPG US: Liquefied Petroleum Gas (LPG) 
(70% propane; 30% butane)C 8.0-5 2.99e-3 8.0-5 2.99e-3 

Green 
Manure CH: green manure organic, until April A Sqm/nsp 3.58 1.04 0 0 

Poultry 
Manure 

CH: poultry manure, dried, at regional 
storehouse A,E Kg/nsp 1.4 1.2 0 0 

Irrigation US: Irrigating A M3/nsp .0725 .0439 .0725 .0439 

Yield Relative to baseline yield = 1 Kg 
wheat .72 .885 1 1 

 
1 EcoInvent 
1.5 Modified EcoInvent (accounts for US electricity production) 
2 USLCI 
3USLCI/PE 
4 PE 
nsp = net salable product (corn) 
 
Plastic Bag 
 
Table A. 38. Baseline Plastic Bag Input Assumptions.  

Parameter Dataset Unit Baseline Inventory Amount Source 

HDPE RER: Polyethylene, HDPE, 
granulate, at plantA Kg/kg 

nsp 

2.077e-2 
TSC 2011 Nylon RER: nylon 66, at plantA 1.02e-2 

Extrusion RER: extrusion, plastic filmA 3.1e-2 
1 EcoInvent 
2 USLCI 
3USLCI/PE 
4 PE 
nsp = plastic bag 
 
Table A. 39. Plastic Bag Environmental Attribute Input Assumptions.  

Parameter Dataset Unit Light-
weighting 

Lightweighting 
(recycled 
HDPE) 

Recycled 
HDPE Source 

HDPE RER: Polyethylene, HDPE, granulate, 
at plantA 

Kg/kg 
nsp 

4.56e-2 0 0 

TSC 2011 
Recycled 

HDPE 
RNA: Recycled postconsumer HDPE 
pellet2  0 4.56e-2 2.077e-2 

Nylon RER: nylon 66, at plantA 2.24e-2 2.24e-2 1.02e-2 

Extrusion RER: extrusion, plastic filmA 6.8e-2 6.8e-2 3.1e-2 
1 EcoInvent 
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1.5 Modified EcoInvent (accounts for US electricity production) 
2 USLCI 
3USLCI/PE 
4 PE 
nsp = plastic bag 
 
Electricity  
 
Table A. 40. Electricity Baseline Electricity Input Assumptions.  

Parameter Dataset Unit Baseline Inventory Value 

Electricity US: electricity, medium voltage, 
at grid1 Kwh 1 

1 EcoInvent 
 
Table A. 41. Electricity Environmental Attribute Input Assumptions.  

Parameter Dataset Unit Attribute Inventory Value 

Wind Electricity US: electricity, from wind 
power4 Kwh 1 
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Description of Process LCA Model Assumptions 
 
Containerboard   
 
The Paperboard Container Manufacturing industry (NAICS 32221), is comprised of both Paperboard Box 
Manufacturing and Corrugated Board Box Manufacturing (NAICS 322212 and 322211, respectively). 
Much of the literature around containerboard is centered on corrugated board due to the volume of 
corrugated board produced compared to paperboard, and consequently less information is available 
specifically pertaining to paperboard. However, several sources indicate that the assumptions are likely to 
be similar between the two board types (EPA, 2012), particularly because corrugated board involves the 
use of paperboard for the lining of the corrugated board walls.  
 
There are several types of corrugated board that are produced, however the current baseline model assumes 
a single face corrugated board, which means that a single layer of corrugated fluting is situated between 
two paperboard liner sheets. A recycled fiber fluting layer is considered to be ‘wellenstoff’, while a virgin 
fiber fluting layer is termed ‘semi-chemical fluting’. Similarly, for the paperboard sheets, virgin fiber sheets 
are termed ‘kraftliner’, and recycled fiber sheets are characterized as ‘testliner’. The models used in this 
Supply Chain Sustainability (SCS) tool represent an average U.S.-based corrugated board and paperboard 
box product. Because the tool is based on an average U.S. product, the life cycle inventory assumptions are 
consequently based on the average U.S. fiber mills (for each fluting and sheet fiber type) and the average 
U.S. converting board box facility. As such, some inventory inputs/values may not be representative for 
some facilities. For example, many mills produce steam entirely as an internal process, while others require 
at least a portion of the steam requirements to be purchased from a utility. The life cycle inventories thus 
reflect an average amount of purchased steam, accounting for facilities that supply the steam internally and 
those that purchase the steam from external sources.  
 
The following sections detail the baseline and attribute assumptions that were used to determine the relative 
effect of product environmental attributes on the global warming potential and water consumption impacts 
of corrugated and paperboard box containers. With regard to impact characterization methods, TRACI 2.1 
was used to determine the non-biogenic global warming potential emissions and ReCiPE 1.08 was used to 
determine the net water consumption (Bare, et al., 2003; ReCiPe, 2009).  
 
Hotspots 
 
To identify the containerboard product hotspots, several sources were used. The Carnegie Mellon 
environmentally-extended input-output (EEIO) LCA model indicated that the top three sectors of impact 
(cradle-to-gate) for the Paperboard Container Manufacturing sector are power generation and supply, paper 
and paperboard mills, and paperboard container manufacturing for global warming potential (GWP) (CMU, 
2002a). The impact from the power generation and supply sector is likely to be due to the energy 
consumption of the mills and container manufacturing stages, and therefore we assumed the impact from 
the paperboard container manufacturing sector exceeded the 10% cradle-to-gate hotspot threshold. The 
paper and paperboard mills had already exceeded the threshold prior to attributing the power generation 
and supply impact. While the Paperboard Container Manufacturing sector reaches the GWP threshold to be 
considered a hotspot, it is significantly below the threshold for water use impacts (see SCS Data Summary). 
 
Literature studies were also used to gain further insight into hotspot stages. The Life Cycle Assessment of 
U.S. Industry Average Corrugated Product (PE International, 2009) also indicated that both mills and 
container manufacturing are hotspots for GWP. Additionally, it revealed that the end of life stage is a 
significant source of impact.  Conversely, the impact from the forest production for virgin fiber was shown 
to result in significant carbon sequestration benefits. This is further supported by Ross and Evans (2002) 
study, which indicated that the carbon sequestration benefits of the forest production stage are significant 
enough to offset much of the impact from the mills and container manufacturing. The study also indicated 
that the end of life stage is a significant source of GWP impact. Although end of life impacts are important 
to consider, procurement and sourcing professionals are unable to directly influence these downstream 
impacts, apart from supporting the market for recycled materials through the procurement of products with 
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recycled content. For these reasons, only forest harvesting, pulp and paper mills, container manufacturing 
plants were chosen for further analysis within the model. These boundaries are also consistent with the 
EEIO system boundaries, which do not take into account downstream life cycle stages such as end of life.  
 
To determine an aggregate contribution of each of the stages to the total cradle-to-gate impact, the 
estimates for each of the hotspot contributions to the total cradle-to-gate impact of the products identified 
by the EEIO and literature were averaged together in order to relate the individual hotspot reductions per 
environmental attribute to total impacts, for the purpose of comparing improvement opportunities across a 
portfolio of procured products (see table 1). The EEIO hotspot percent contribution for power generation 
and supply was assumed to contribute equally to the fiber mills and the container manufacturing impacts. 
Additionally, due to the lack of data on water consumption from literature, the hotspot contributions for 
water are based solely on EEIO results.  
 
Table A. 42. Corrugated Board Average hotspot contribution.  

Average Hotspot 
Contribution (cradle-to-

gate impacts) 

Virgin Fiber 
Production/Harvest 

Fiber Mills 
(sheet and fluting 
manufacturing) 

Container 
Manufacturing 

GWP -23% 61% 24% 
Water .01% 52% 15% 

 
 
Baseline and Attribute Model Assumptions 
 
General Assumptions 
 
The upstream material and energy inputs for each model (paperboard and corrugated board) are 
characterized by commercially available datasets provided by the USLCI, EcoInvent or PE 
Professional/Extension databases. Due to data transparency and availability of documentation, when 
possible, the EcoInvent datasets were used to construct the models. When a U.S.-based or north American 
(RNA) dataset was unavailable, a European-based dataset (RER) was then used from the EcoInvent 
database. These European proxy data can then be switched for U.S.-specific data when it becomes available 
in the future. If the datasets were unavailable in EcoInvent, PE data was used to fill the data gaps. If PE 
data was also unavailable, USLCI datasets were used. While USLCI data is useful for determining GWP 
impacts, information regarding water consumption is limited, consequently, water consumption estimates 
are underestimated when this data is used.  
 
The following sections will detail the assumptions that were used to construct the baseline and 
environmental attribute models for the forest production/harvest stage, fiber mills and container 
manufacturing plants. 

 
 
Forest Production and Harvest 
 
The USLCI datasets for softwood logs was the primary data source for constructing the baseline model for 
the forest production stage, due to the availability of comparable attribute datasets. According to Kramer et 
al (2009), approximately 70% of the pulp mill capacity is located in the Southeast (SE) region of the United 
States. The other 30% is located in the Pacific Northwest, North Central and North East regions, however 
the model assumes the 30% will be located in the Pacific Northwest (PNW) region of the U.S. due to data 
availability.   
 
Forest logs are managed and harvested at varying intensities, which affect the forest structure, soils, 
biogeochemical cycles and other ecosystem services (Levers, et al., 2014), all of which can affect the 
amount of carbon sequestered in an area. Intensity can be measured by a variety of metrics, including 
volume of harvested timber, stand establishment practices, differences between potential and actual 
biomass storage, length of rotation periods, or amount of fertilizer, herbicides and machinery used, among 
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others (Levers, et al., 2014).  The USLCI datasets indicate that at high intensity, greater amounts of inputs 
(fuel, fertilizer, etc.) are required for quicker growing forests, which are then harvested at higher yields per 
unit area. Conversely, other forest stands are managed and harvested at low or medium intensities, which 
require fewer inputs and have lower yields per unit area harvested. The average ‘harvest intensity’ is 
different between regions; the USLCI dataset indicates that the SE region has less high and low intensity 
harvested logs than the PNW region, and more logs harvested at medium intensity. There are also regional 
differences in the amount and type of inputs applied for each of the harvest intensities, largely due to the 
differences in topography and soil conditions, requiring different machinery, equipment and sometimes 
inputs. For example, a medium intensity harvest site in the PNW region uses zero nitrogen or phosphorous 
fertilizer, whereas these inputs are applied in the SE region medium intensity harvested sites. While 
locational differences may significantly affect the sequestration benefits of the forest production/harvest 
stage, currently, the model holds the sourcing locations constant and accounts for changes only in the 
harvest intensity ratios. See Johnson et al (2006) for more information on the differences between high and 
low harvest intensity forest harvest.  
 
The baseline inventory for the sourcing of U.S. based softwood logs to produce pulp is based on the 
average harvest intensity (mixture of low, medium and high harvest intensities), weighted by the amount of 
logs that are sourced from each region (70% sourced from SE, 30% sourced from PNW). The attributes for 
this stage include a low intensity harvest scenario, where 100% of the forest logs are harvested at low 
intensity, and a high intensity harvest scenario, where 100% of the forest logs are harvested at high 
intensity, both of which maintain the regional sourcing distribution between the SE and PNW of 70 and 30 
percent, respectively.  
 
Manufacturing (fiber mills and converting plant) 
 
A variety of sources were used to construct the baseline model for the pulp and paper mills and box 
converting plant stages, including the EPA WARM paper products literature (EPA 2012), PE International 
LCA on corrugated packaging (PE International, 2009), and FEFCO LCA on corrugated board (FEFCO, 
2012). The EPA 2012 WARM model indicates that approximately 35% of the current mix of 
containerboard inputs comes from recycled fibers, while 65% come from virgin fiber. For paperboard, this 
distribution indicates that 65% of the container is made up of kraftliner and 35% is made up of testliner. 
For corrugated board however, the average composition of corrugated boxes is made up of 66% liner, and 
34% fluting (PE International, 2009). The composition of each fiber type was calculated by multiplying the 
virgin to recycled content percentages with the average composition of fluting to liner percentages. In both 
cases, the amount of containerboard sheets that are required to make a 1 kg converted containerboard box is 
1.11 kg, resulting in the distribution indicated in figure S2.2.  
 
 
Figure A. 2. Baseline Composition of 1 kg corrugated and paperboard boxes (65% virgin, 35% recycled 
content).  
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Fiber Mills 
 
The PE (2009) and FEFCO (2012) life cycle inventory (LCI) served as the primary sources for constructing 
the baseline model for manufacturing the different fiber types. The PE (2009) data is based on the average 
U.S. fiber mill and containerboard converting plant, and uses a 1% cut-off criteria. However, in the study, 
each of the life cycle inventory inputs for the fiber mills are given as aggregate values, which presents a 
problem for capturing alternative recycled content attributes, since each of the fiber types require different 
production processes, inputs and amount of inputs. Additionally, the aggregated amounts reflected a 
different recycled to virgin fiber content ratio (71% virgin fiber compared to 65% in the baseline). In order 
to alter the recycled to virgin fiber content ratio to fit our baseline and capture alternative product attribute 
combinations, the relationship between the value of each of the inventory inputs and the composition of the 
corrugated board sheets (as based on the recycled to virgin fiber content, and the composition of linerboard 
vs. fluting) was first determined. The FEFCO (2012) LCI data was instrumental in determining this 
relationship as the data is presented per kg of each of the fiber types. For each of the inputs, five data points 
were gathered, representing 0%, 25%, 50%, 75% and 100% virgin inputs for a 1.11 kg corrugated board 
sheet and paperboard sheet. A linear regression was run on the total amount of each of the inputs to derive 
an equation that can apply to any combination of recycled contents. Table S2.43 illustrates the type of data 
gathered using the FEFCO data using an electricity input as an example, and table S2.44 indicates the 
corresponding regression equations for each of the inventory inputs.  
 
Table A. 43. FEFCO electricity input values for varying amounts of virgin and recycled fiber content for a 
1.11 kg corrugated board sheet.  

Recycled Content Composition of 
Corrugated Board Sheet 

Electricity (MJ) requirements to produce 1.11 kg of corrugated 
board sheet 

% Recycled 
Fiber Content 

% Virgin Fiber 
Content 

Semi-
chemical Kraft Wellenstoff Testliner Total 

1 0 0.000E+00 0.000E+00 8.303E-02 1.612E-01 2.442E-01 

0.75 0.25 1.349E-01 2.582E-01 6.227E-02 1.209E-01 5.763E-01 

0.5 0.5 2.698E-01 5.165E-01 4.151E-02 8.059E-02 9.084E-01 

0.25 0.75 4.048E-01 7.747E-01 2.076E-02 4.029E-02 1.241E+00 

0 1 5.397E-01 1.033E+00 0.000E+00 0.000E+00 1.573E+00 

 
Table A. 44. Inventory input functions indicating relationship between the amount of virgin content (y) and 
the total value of each of the inputs (x) for 1.11 kg of board sheet.  

  Corrugated Cardboard Paperboard 
Inputs Function R2 Function R2 

Diesel (kg) y = 0.0001x + 0.0002 1 y = 0.0008x + 0.008 1 
Electricity (MJ) y = 1.3284x + 0.2442 1 y = 1.3209x + 0.2442 1 
Heavy Fuel Oil (kg) y = 0.0128x + 1E-05 1 y = 0.5435x + 0.0004 1 
Light Fuel Oil (kg) y = 0.0006x + 0.0001 1 y = 0.0269x + 0.0053 1 
Hard Coal (kg) y = 0.0023x + 0.022 1 y = 0.0888x + 0.6438 1 
Natural Gas (kg) y = -0.108x + 0.1325 1 y = -0.134x + 0.1863 1 
Old Tires (kg) y = -0.0146x + 0.0146 1 y = -0.4662x + 0.4662 1 
Biomass (kg) y = 0.178x + 4E-17 1 y = 2.9526x + 6E-16 1 
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Water (kg) y = -0.0005x + 0.0017 1 y = -0.0003x + 0.0017 1 
Sodium Carbonate (kg) y = 0.005x 1 y = 0.0054x 1 
Sodium Sulphate (kg) y = 0.0008x + 3E-19 1 y = 0.0012x 1 
Purchased Steam** (MJ) y = -0.0013x + 0.0046 na y = -0.0009x + 0.0046 na 
Gasoline** (kg) y = 0.0001x + 0.0002 na y = 0.0008x + 0.008 na 
Hydropower** (MJ) y = 1.3284x + 0.2442 na y = 1.3209x + 0.2442 na 
LPG** (kg) y = -0.108x + 0.1325 na y = -0.134x + 0.1863 na 

** These inputs were either not included or indicated as zero inputs in the FEFCO data. Therefore, the 
regression results for the relationship between virgin content and diesel was used as a proxy for gasoline, 
electricity as a proxy for hydropower, natural gas as a proxy for LPG, and water (converted to MJ- 2.756 
MJ/kg water) as a proxy for purchased steam. 
 
Several inputs indicated in the PE data were either absent from the FEFCO LCI or were indicated as zero 
across fiber types. These inputs included gasoline, hydropower, LPG and purchased steam. As indicated in 
table 2, the linear functions for diesel, electricity and natural gas were used, respectively, as proxies for the 
relationship between virgin content and input totals for the missing inputs. For purchased steam, the 
regression is based on the relationship between virgin content and water used, using the energy content of 
steam per kg water.  
 
We then examined how the FEFCO data differs from the PE data, due to the differences in processing 
locations, by comparing the total amount of each of the inputs that the two specify for a 71% virgin input 
and a 29% recycling fiber composition. A ratio between the two sources was then created and used as a 
scaling factor in order to extrapolate the PE data to alternative recycled content compositions. This was 
done for both corrugated board and paperboard. Although the PE data is based on a corrugated product, the 
conversion ratios for each of the inputs allows the corrugated board total input amounts specified by the PE 
data to be used as a starting point for converting between corrugated board to paperboard.  
 
After specifying the relationship between virgin content and inventory input totals, and determining the 
conversion ratio between the PE and FEFCO data, we then determined the percent allocation for each of 
the fiber types (kraftliner, semi-chemical fluting, testliner, and wellenstoff). To do this, we again used the 
FEFCO data to determine the percentage of each of the total input values attributed to each of the fiber 
types and applied these percentages to the newly estimated PE total input values.  For gasoline, 
hydropower, LPG and purchased steam, which are absent or have zero inputs indicated in the FEFCO 
(2012) study, the total input amounts were instead allocated across fiber types based on the weighted 
distribution of the fiber types (see figure 2 for a 65% virgin, 35% recycled composition). The units for each 
of the inventory data inputs were then converted to the units specified in the respective datasets. Although 
the PE data specifies the total amount and type of waste treatment required from the mills, specific to the 
71% virgin/29% recycled content composition, these outputs are not indicated in the FEFCO document. 
Therefore, a function relating this total to alternative recycled contents was unable to be determined, and a 
substitute function would be inappropriate because waste generation and management is vastly different 
than any of the other inputs (i.e., there is not a clear proxy). Consequently we excluded these inputs from 
the model. 
 
While the PE (2009) data provided a reference point with which to determine U.S. based values for each of 
the inventory inputs indicated in table 2, it does not provide data regarding the quantity of wood fiber and 
recycled inputs that are required to produce each of the fiber board types. The wood fiber and recycled 
paper inputs were instead solely provided by the FEFCO (2012) data (and are indicated in the datasheet 
summary). Although the amount of these inputs are taken from the European context, we expect them to be 
similar to those required in the U.S. due to the maturity of the fiber milling industry and likely consistency 
in production yields. Additionally, data regarding the production of co-products in mills was excluded from 
the PE LCI, therefore, the amount and type of co-product produced with each of the fiber types was also 
taken from the FEFCO (2012) study. It is important to consider co-products because different amounts are 
produced with different fiber compositions, and the credits or allocations that are generated from the 
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production and sale of these co-products could potentially significantly influence the environmental impact 
of the corrugated or paperboard product. The co-products of corrugated board and paperboard production 
include bark, excess electricity and steam produced through combined heat and power generators and sold 
to the grid, tall oil, and turpentine.  Both tall oil and turpentine are economically valuable products that 
have well-established markets in chemical industries; they do not have substitutes and do not displace 
alternative compounds. For this reason, GWP and water use impacts generated through the simultaneous 
production of these products were allocated based on the respective mass output per kg of corrugated 
board. Subsequently, approximately .82% of the GWP and Water use impact is allocated to the tall oil 
product, and .05% is allocated to turpentine, leaving 99.13% of the production impacts attributed to 
corrugated board. The other co-products are energy sources that displace fossil energy. It was assumed that 
bark is burned to produce heat, which displaces an equivalent amount of heat produced from light fuel oil. 
The displacement of light fuel oil was chosen because it is the most expensive energy source and may be 
the first to be displaced in order to reduce costs (EIA, 2012). The electricity sold back to the grid displaces 
an equivalent amount of the average U.S. electricity mix.  
 
The effect of co-products on the baseline impact is not accounted for within the baseline or environmental 
attributes. However, because varying amounts of the co-products are produced for each of the fiber types, 
when recycled content changes, a change in the amount of co-products also occurs. Therefore, when 
switching from the baseline 35% recycled content to a 75% recycled content board (see figure 3), the 
marginal effect of these co-products should be considered. However, we take a conservative approach and 
only display the direct impacts of switching to a higher recycled content- it does not show the net effect of 
the co-product credit differences. Despite the absence of these effects, it is important to understand the 
consequential effects of purchasing decisions, therefore the difference in the environmental effect of these 
co-products between a 75% recycled content and 35% recycled content is presented in Figure S2.4. The 
difference in the amount of electricity credits that are generated between the two recycled content 
compositions is responsible for the vast majority of the net impacts. It is clear from the figures that the 
current models under-estimates the impact of switching purchases to a higher recycled content. 

 
Other modeled environmental attributes include: 
• Energy efficiency attributes for electricity and thermal energy use. These attributes assume that a 30% 

increases in efficiency results in 30% less electricity usage, and 30% less thermal energy usage 
(thermal energy generated from coal, heavy fuel oil, diesel, light fuel oil, natural gas, LPG, and 
biomass) 

• Renewable energy attributes for electricity and thermal energy, including substituting 100% of the 
purchased electricity with wind electricity, and substituting 100% of the thermal energy from fossil 
fuels with thermal energy generated from increased use of woody biomass waste.  
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Figure A. 3. Net impact of switching from a baseline 35% recycled content to 75% recycled content due 
solely to the marginal difference in co-product credits and allocations between the two board compositions. 

 

 
Note: Electricity credits drive the majority of differences. 
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Figure A. 4. Composition of 1 kg corrugated and paperboard boxes for 75% recycled content attribute (i.e. 
25% virgin, 75% recycled content).  

 

 
 
 
Converting Plant (Container Manufacturing) 
 
With regard to the converting plant, all of the baseline life cycle impacts were based on the PE (2009) 
study, and adjusted to match the commercial dataset units. Because the container manufacturing stage is the 
process of converting the sheets of fiberboard to boxes, the model assumes that the inputs are constant 
across fiber types and across corrugated board and paperboard products. The environmental attributes 
related to this manufacturing stage include energy efficiency attributes for electricity and thermal energy 
and a renewable energy attributes that substitutes purchased electricity for wind electricity. These attributes 
contain the same assumptions as those listed under fiber mills.  
 
  
 
 
Plastic Films 
 
The model for the Plastic Packaging Materials, Film and Sheet Manufacturing industry (NAICS 32611) is 
based on average facility level data for a U.S.-based plastic film product. Because the model is based on the 
average production facilities in the U.S., the life cycle inventory assumptions will not necessarily represent 
any specific facility. As such, some inventory inputs/values may not be representative for some facilities.  
 
The following sections detail the baseline and attribute assumptions that were used to determine the relative 
effect of product environmental attributes on the global warming potential and water consumption impacts 
of plastic films/sheets.  
 
Hotspots 
 
To identify the plastic film and sheet product hotspots, several sources were used. The Carnegie Mellon 
environmentally-extended input-output (EEIO) LCA models (CMU 2002) indicated the top sectors of 
impact as Power Generation and Supply, Raw Material Extraction/Processing, Plastics Material and Resin 
Manufacturing, and Plastic Packaging Film and Sheets manufacturing (CMU, 2002). Although the impact 
from plastic film and sheet manufacturing does not directly meet the 10% cradle-to-gate GWP hotspot 
threshold1, it was assumed that the impact from the Power Generation and Supply sector is likely due to the 
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energy consumption of the resin manufacturing and the film/sheet manufacturing, and consequently it was 
assumed that the impact of film/sheet manufacturing exceeded the 10% threshold.  
 
A review of the literature was also conducted to gain further insight into hotspot stages, however limited 
information exists pertaining specifically to plastic film/sheets. One source, entitled The Life Cycle 
Inventory of Plastic Fabrication Processes: Injection Molding and Thermoforming (Franklin Associates, 
2011) indicated the cradle-to-gate impacts of plastic film products, revealing that resin manufacturing, 
which contains the embedded impacts of the raw material extraction and processing, accounts for over half 
of the GWP impact of LLDPE plastic films, whereas the film manufacturing process accounts for about 
40% of the GWP impact. The report also indicated significant water use in resin manufacturing.  
 
In order to relate the individual product attribute reduction/additions per hotspot to the total impact for the 
purpose of comparing improvement opportunities across a portfolio of procured products, a composite 
contribution of each of the hotspot stages to the total cradle-to-gate impact was estimated by averaging the 
EEIO and literature together (see table 2.45). As noted above, the EEIO hotspot percent contribution for 
power generation and supply was assumed to contribute equally to resin manufacturing and film/sheet 
manufacturing. Furthermore, the EEIO impacts from raw material extraction were aggregated into the 
impacts of resin manufacturing, since the inputs of resin manufacturing will have the embedded impacts of 
the material extraction in the process-based LCA model and will be addressed through the substitution of 
these different inputs made from different feedstock sources.  
 
Table A. 45. Average hotspot contribution to plastic film impacts.  

Average Hotspot 
Contribution (cradle-to 

gate impacts) 
Resin Manufacturing Film/Sheet 

Manufacturing 

GWP 55% 29% 
Water 65% 31% 

 
 
 
Baseline and Attribute Model Assumptions 
 
General Assumptions 
 
The upstream material and energy inputs for the plastic film model, as indicated in the life cycle inventory 
tables, are characterized by commercially available datasets provided by the USLCI, EcoInvent or PE 
Professional/Extension databases. Due to data transparency and availability of documentation, when 
possible, the EcoInvent datasets were used to construct the models. When a U.S.-based or north American 
(RNA) dataset was unavailable, a European-based dataset (RER) was then used from the EcoInvent 
database. These European proxy data can then be switched for U.S.-specific data when it becomes available 
in the future. If the datasets were unavailable in EcoInvent, PE data was used to fill the data gaps. If PE 
data was also unavailable, USLCI datasets were used. While USLCI data is useful for determining GWP 
impacts, information regarding water consumption is limited, consequently, water consumption estimates 
are underestimated when this data is used.  
 
The following sections will detail the assumptions that were used to construct the baseline and 
environmental attribute models for the resin manufacturing and film/sheet manufacturing. 
 
Resin Manufacturing 
 
According to Freedonia’s (2012) market research report, linear low density polyethylene (LLDPE) resin 
makes up over 50% of the U.S. plastic film market, and is used in a variety of applications, including food 
packaging, stretch and shrink wrap, and plastic bags to name a few (Freedonia, 2012). Because LLDPE 
resin is the leading resin used in plastic films, it serves as the baseline resin type for the model with which 
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to compare alternative resins. The material and energy inputs for producing LLDPE granulate are based on 
the EU-27 technology mix, instead of the U.S., due to data availability. Additionally, the dataset was 
unable to be modified with a U.S. electricity mix due to the aggregate nature of the data. While an 
EcoInvent LLDPE dataset is available (also in aggregate form), the PE International dataset was chosen to 
represent the baseline in order to maintain comparability between the alternative resin attribute datasets, 
since the number of available attribute datasets from PE exceeded those available from EcoInvent.  
 
Other commonly used resins for plastic film applications include low-density polyethylene (LDPE), high-
density polyethylene (HDPE), polypropylene (PP), and polyethylene terephthalate (PET). These alternative 
resin types have different material and energy requirements to manufacture, so are considered alternative 
product attributes to compare to the baseline LLDPE resin type. While Polyvinyl chloride (PVC) resin can 
also be used for plastic films, the demand for this resin in films has decreased significantly due to the health 
and environmental concerns and competition from PET and PP films, and is therefore not included within 
the model (Freedonia, 2012). As mentioned above, the data for manufacturing these resins into the 
granulate form are taken from PE, and are based on the U.S. technology mix. The only modification to 
these datasets was with regard to the PET dataset, which required that a granulation process be added in 
order to convert the resin to the granulate form (Baitz, 2014), to maintain comparability between datasets.  
Because the attribute datasets are based on the U.S., the comparison of impact between the baseline and the 
attributes are likely to be overestimated, since the impacts of EU electricity inputs are less than the impact 
of using U.S. electricity, therefore the impacts of the LLDPE dataset are likely an underestimate which 
inflates the comparative effects of using alternative U.S. resins. It is unclear the magnitude of these inflated 
estimates since the amount of electricity used in the manufacturing of LLDPE (which would allow an 
adjustment to be made) is proprietary and hidden in both the PE and EcoInvent datasets.  
 
Other resin manufacturing attributes included in the model relate to the impacts of material extraction by 
considering the feedstock with which the resins are produced from, including resins that are produced from 
post-consumer recycled inputs and resins that are produced from biobased feedstocks. Due to data 
availability, only recycled HDPE and recycled PET resins are considered in the models, which may reflect 
the fact that HDPE and PET are the most commonly collected/recycled plastic resins across the U.S., 
whereas other resin types are much less commonly collected. Other recycled resins could be added in the 
future when data becomes available. Like the PET dataset, the recycled datasets were modified to include a 
granulation process in order to get the resins in a comparable granulate form (Baitz 2014). With regard to 
biobased resins, two feedstocks were considered for producing Bio-PP, Bio-PET, and Bio-LDPE, including 
those produced from U.S. corn feedstocks and those produced using sugar cane feedstocks (with 60% slash 
and burn). With regard to Bio-PET, 70% of the PET resin (terephthalic acid) is made from petro-sources, 
whereas the other 30% of the resin (ethylene glycol) is made from ethanol produced from either the corn or 
sugar cane feedstocks. Bioethylene is also produced from ethanol, which can be upgraded in various ways 
to produce Bio-LDPE and Bio-PP.  
 
A summary of resin manufacturing attributes include: 
 
• LDPE, Bio-LDPE (corn and sugar cane) 
• HDPE, recycled-HDPE 
• PET, recycled-PET, Bio-PET (corn and sugar cane) 
• PP, Bio-PP (corn and sugar cane) 
 
 
Film Manufacturing 
 
In order to produce plastic films, an extrusion process is employed. The material and energy inputs required 
to extrude plastic granulate into plastic film was provided by EcoInvent, representing a European 
technology mix (due to data availability). The electricity input was adjusted to represent the U.S. average 
electricity mix. The documentation in the ‘extrusion, plastic film’ dataset indicates that extruding 1 kg of 
plastic granulate results in approximately .976 kg of extruded plastic film (Ecoinvent, 2012). For the 
functional unit of 1 kg of plastic film, approximately 1.02 kg of plastic granulate is required.   
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Environmental attributes that are analyzed in film manufacturing include: 
 
• Energy efficiency attributes for electricity and thermal energy use. These attributes assume that a 

30% increase in efficiency results in 30% less electricity usage, and 30% less thermal energy usage, 
respectively (thermal energy generated from coal, heavy fuel oil, diesel, light fuel oil, natural gas, 
LPG, and biomass) 

• Renewable energy attributes for electricity, including substituting 100% of the purchased electricity 
with wind electricity 

 
 
 
 
Cleaning Compounds 
 

The soap and cleaning compound manufacturing industry (NAICS 32561), is focused on liquid 
detergents manufacturing. The compositions (formulation) of liquid detergent products in current market 
vary from one another, but this modelling effort only includes models of conventional and improved (GS-
37) product types. The models represent an average U.S. product. 

The following sections detail the baseline and attribute assumptions that were used to determine the 
relative effect of product environmental attributes on the global warming potential (GWP) and water 
consumption impacts of liquid detergents.  
 
Hotspots 
 

Cleaning compound hotspots are identified based on several sources. The Carnegie Mellon 
environmentally-extended input-output (EEIO) LCA model indicated that the top five sectors of impact 
(cradle-to-gate) for the soap and cleaning compound manufacturing sector are power generation and 
supply, oil and gas extraction, other basic organic chemical manufacturing, petroleum refineries, and soap 
and cleaning compound manufacturing with regard to GWP impact and power generation and supply, soap 
and cleaning compound manufacturing, grain farming, other basic organic chemical manufacturing, and all 
other basic inorganic chemical manufacturing with regard to water consumption impact. 

We also consulted existing literature to identify hotspots in the soap and cleaning compound 
manufacturing sector. A comparative life cycle assessment (LCA) study on institutional cleaning products 
by Kapur et al. (2012) indicated that GWP hotspots included raw material extraction, 
manufacturing/formulation, and packaging stages. A French study on kitchen surface cleaning products 
supported the findings of Kapur et al. and additionally introduced use stage as another hotspot for GWP. 
Two other European journal publications on granular laundry detergents (Saouter & Van Hoof, 2002) 
revealed that raw material extraction and use stages were identified as hotspots for GWP.  Water 
consumption impacts were only evaluated by Kapur et al. (2012) for the U.S. context, in which raw 
material extraction, manufacturing/formulation, and use stages were found to be hotspots. 

To determine an aggregate contribution of each of the stages to the total cradle-to-gate impact, the 
estimates for each of the hotspot contributions to the total cradle-to-gate impact of the products identified 
by the EEIO and literature were averaged together in order to relate the individual hotspot reductions per 
environmental attribute to the total impact, for the purpose of comparing improvement opportunities across 
a portfolio of procured products (see table 1). The EEIO hotspot percent contribution for power generation 
and supply was assumed to contribute equally to the fiber mills and the container manufacturing impacts. 
Additionally, due to the lack of data on water consumption from literature, the hotspot contributions for 
water are based solely on EEIO results.  
 
Table A. 46. Average hotspot contribution for Cleaning Compounds.  

Average Hotspot Contribution 
(cradle-to gate impacts) 

Soap and detergent 
formulation/manufacturing 

Packaging 

GWP 49% 22% 
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Water 82% 18% 
 
Baseline and Attribute Model Assumptions 
 
General Assumptions 
 

The upstream material and energy inputs, as indicated in the life cycle inventory tables, are 
characterized by commercially available datasets provided by the USLCI, EcoInvent or PE 
Professional/Extension databases. Due to data transparency and availability of documentation, when 
possible, the EcoInvent datasets were used to construct the models. When a U.S.-based or north American 
(RNA) dataset was unavailable, a European-based dataset (RER) was then used from the EcoInvent 
database. These European proxy data can then be switched for U.S.-specific data when it becomes available 
in the future. If the datasets were unavailable in EcoInvent, PE data was used to fill the data gaps. If PE 
data was also unavailable, USLCI datasets were used. While USLCI data is useful for determining GWP 
impacts, information regarding water consumption is limited, consequently, water consumption estimates 
are underestimated when this data is used.  
 
The following sections will detail the assumptions that were used to construct the baseline and 
environmental attribute models for the soap and detergents formulation/manufacturing and primary 
packaging stages. It is worth noting that the functional unit is set to be 1 kg of cleaning product. 
 
 
Soap and detergents formulation/manufacturing 
  

The study by Kapur et al. (2012) was used to help create the input inventory of the soap and detergents 
formulation/manufacturing stage. Baseline scenario was set to be a conventional multi-purpose cleaner 
which has a standard formulation containing petro-based chemical ingredients. Composition of the 
formulation can be found in the life cycle inventory tables. Parameterizations of particular inputs were also 
based off of the same study, including in-formulation substitution, i.e. to substitute certain petro-based 
chemical ingredient (Alcohol Ethoxylate, or AE7) with bio-based ingredient, and formulation substitution, 
i.e. to substitute the conventional multi-purpose cleaner formulation with GS-37 multi-purpose cleaner 
formulation (Green Seal Stanadard for Industrial and Institutional Cleaners). 
 
 
Primary packaging 
 

Life cycle inventory inputs for the primary packaging stage was established based on consulting with 
representatives from the Global Environmental Management community, including Daniel Dagget (Sealed 
Air) and Stan Mierzejewski (Tennant). HDPE (high-density polyethylene) is the most commonly used 
primary packaging material in industries. Although institutional procurement professionals tend to purchase 
cleaning products in larger volume (usually 275 gallon) containers, standard retail-size (usually 5 gallon) 
containers are also included in this model as the baseline scenario. In addition to the quantity of HDPE 
usage, we also considered the type of HDPE material. The EcoInvent database allows parameterization 
from virgin HDPE bucket (baseline scenario), to 100% recycled content HDPE bucket. The actual 
manufacturing process of HDPE buckets was adopted from the EcoInvent database as well, where 
electricity and water consumption are the only parameterized attributes (inputs) in our model. For 
electricity, 30% electric energy efficiency improvement and 100% wind electricity were modeled. 
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Wheat 
 

Due to the availability of data from past model development, the entire wheat product impact is 
captured in the process LCA models, thus capturing 100% of total impact.  
 
Baseline and Attribute Model Assumptions 
 

The conventional wheat farming system was modeled based primarily on the life cycle inventory 
information provided by The Sustainability Consortium (TSC). The analysis focuses on winter wheat 
production because it accounts for 70-80% of the wheat used in breakfast cereal (TSC, 2011). TSC’s 
inventory data for yield, fertilizer usage and chemical usage was based on (NASS, 2010b) data and the 
energy input data was based on estimates provided by Piringer and Steinberg (2006) (TSC, 2011). Because 
the TSC document omits irrigation from the inventory, irrigation inputs are provided by the EcoInvent US: 
Wheat, at field dataset (Ecoinvent, 2012; NASS, 2010b).  
 
Organic 
 

The primary difference between a conventional wheat production system and an organic wheat 
production system is the avoidance of synthetic fertilizers, pesticides, fungicides and herbicides. According 
to Meisterling et al. (2009), in an organic wheat system, much of the nitrogen requirements are satisfied by 
leguminous cover crops and augmented by animal and green manure application. Leguminous cover crops 
fix nitrogen in the soil as they grow, but the nitrogen that is present within green manure is not entirely in a 
form that is immediately available for plants to use. Only a portion is available for the plant to use in its 
growth cycle each year, but the portion varies by crop type.  

The only green manure dataset that was readily available was EcoInvent’s canola data (rapeseed). 
Canola, however, is not a leguminous crop so it does not fix nitrogen in the soil; however, it provides other 
environmental benefits such as controlling weed growth. It also preserves the soil by controlling erosion 
and lowers the soil pH, making phosphorous more plant available (Roos, 2006). The nitrogen content of 
canola green manure is far less than leguminous green manure. This nitrogen difference significantly 
reduces the ability of a canola cover crop to supply adequate amounts of nitrogen to the plant for use in its 
growth cycle. For this reason, the model indicates only a portion of the nitrogen requirements (assumed to 
be equal to the PCLCA baseline nitrogen requirements) as being supplied by green manure, the rest is 
fulfilled by poultry manure application. Poultry manure was chosen due to its availability within the GaBi 
database as well as its widespread use on organic farms (Comis, 2010).  

The amount of nitrogen that is supplied by canola green manure is assumed to be equal to the amount 
that is present in the average yield of canola on a hectare of land (1,955 kg canola/ha; (GRDC, 2010)). An 
estimated 40% of that nitrogen supplied by green manure is in a form that is readily usable by plants in the 
first year (Hoyle 2000). Considering the nutrient content of canola as .61% nitrogen (Hoyle, 2000), and 
1.6% phosphorous (Bell 1984), approximately 6.1e-3 kg of nitrogen can be supplied by a kg of green 
manure; however, only 2.44 e-3 kg of nitrogen is available for use in the plant growth cycle. To calculate 
the amount of nitrogen available per kg of wheat, we multiplied the amount of nitrogen available per 
kilogram of green manure by the average yield of canola, assuming that it is grown on the same parcel of 
land as the wheat crop (as it is a common organic rotation), and divided it by the average yield of wheat (1 
ha yields approximately 2,800 kg of wheat), resulting in 1.7e-3 kg nitrogen available from green manure 
per kg of wheat. To calculate the amount of green manure needed to supply 1.7e-3 kg of nitrogen, we 
divided it by the amount of nitrogen that is available in a kg of green manure (2.44e-3 kg N per kg of green 
manure) resulting in approximately .7 kg of green manure applied per kg of wheat. Considering the yield of 
canola, this results in approximately 3.58 sqm of green manure/kg wheat. 

To understand how much poultry manure is needed to supply the remaining nitrogen requirements, we 
first subtracted the amount of nitrogen supplied by green manure from the baseline nitrogen requirements 
(2.02e-2 kg/kg wheat), resulting in approximately 1.85e-2 kg of nitrogen per kg of wheat that needs to be 
further supplied by poultry manure. The nutrient content of poultry manure specifies that approximately 
2.4e-2 kg of nitrogen is present per kg of poultry manure, but only 55% is available to the plants, resulting 
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in approximately 1.32e-2 kg of available N per kg of poultry manure (Zublena, 1997). The amount of 
nitrogen that is needed per kg of wheat is then divided by the amount of nitrogen that can be supplied per 
kg of manure, resulting in approximately 1.4 kg of poultry manure per kg of wheat. On-field nitrous oxide 
emissions are assumed to be the same between organic and synthetic fertilizers, as no significant difference 
exists (Pelletier et al 2008). Due to the processing requirements used in preparation of the poultry manure, 
such as drying, poultry manure inputs are a large driver of organic environmental impacts. 

According to Meisterling et al. (2009), approximately half of the phosphorous requirements in organic 
wheat systems are supplied by rock phosphate; the other half is supplied by manure. Based on the amount 
of poultry manure applied and the phosphorous nutrient content (Hammad, 2011), and considering that 
77% of the P2O5 in poultry manure is plant available (Zublena, 1997), all of the phosphorus requirements 
can be supplied by poultry manure. To avoid applying more phosphorus than is required (to avoid nutrient 
pollution), no extra rock phosphate is applied in the model. Additionally, the amount of sulfur that is 
present within poultry manure (Zublena, 1997) exceeds the amount that is applied in the conventional 
cropping system. Therefore, there is no further sulfur input in the organic model.  

Organic systems typically use mechanical methods such as ploughing, tilling or harrowing to control 
weeds instead of using herbicides (Meisterling, et al., 2009). This suggests that on-farm fuel consumption 
may be greater in the organic system due to the increased use of mechanical methods. Actual fuel use 
depends heavily on the utilization (hr/(ha*yr)), its power (kW) and the individual machinery fuel use (kg 
fuel/hr) (Broek, et al., 2001). Broek et al (2001) lays out each of these factors for the typical machinery 
used in conventional and organic farming systems.  In order to calculate the fuel used per ha (kg/(ha*yr)), 
we made assumptions regarding the machine power and the fuel use load where they were not specified. In 
each case, the normal fuel load and the medium power were assumed. Using these data sets and load 
assumptions, we calculated the fuel used (kg/(ha*yr)) for each of the organic and conventional systems and 
found that the organic system used approximately 27% more fuel. We assumed natural gas, LPG and 
electricity inputs remain the same between the organic and conventional system. Additionally, there was no 
indication of any differences in the amounts of lime and irrigation water applied between the conventional 
and organic system, therefore the model assumes equal quantities of inputs between the two systems. 

Organic wheat production systems tend to have lower yields than conventional wheat systems. Part of 
the differences can be explained by limitations in nitrogen availability in organic systems. The releases of 
plant-available nitrogen from cover crops, animal manure and compost is slow and often does not keep up 
with the high crop nitrogen demand during the peak growing periods (Seufert, et al., 2012). However, there 
are many factors that can lead to more comparable yields, including applying green manure, and abiding by 
best organic management practices. There is also evidence that organic systems under drought or extreme 
rainfall conditions have higher yields than conventional farming systems. Additionally, organic yields from 
developing countries tend to be about 20% lower than organic yields from developed countries. These 
factors make estimating generic organic wheat yields highly variable (Seufert et al. 2012). In one study, 
organic system wheat yields were approximately 30-40% less than conventional wheat systems. However, 
taking into account only the wheat studies that were from developed countries, yield differences slightly 
decrease to 28-38% less than conventional systems (Seufert, et al., 2012). It is unknown whether the 
organic wheat studies in the developed countries applied green manure or abided by best management 
practices; for this reason, the model parameterizes the yield of organic wheat to range from 18-38% less 
than the baseline conventional wheat system. This decrease results in an average of .72 kg of organic wheat 
from the amount of input required to make 1 kg of conventional wheat. This results in organic wheat 
requiring more inputs to produce an equivalent kg of organic wheat, thus is a large driver of organic 
impacts.  
 
 
Precision Farming 
 

Precision farming was chosen to represent a nutrient management scenario due to its increasing use and 
prominence in agriculture. Some areas of the field will need just minimal amounts of fertilizer whereas 
other parts of the field may require more. Because the goal of precision farming is to provide the optimal 
amount that is needed for the plant, no less, no more, yields tend to stay the same with overall less but 
targeted fertilizer application. Godwin (2003) specifies that precision agriculture, when applied to wheat 
production, reduces nitrogen fertilizer application by approximately 34% based on an economic reduction 
in nitrogen fertilizer costs. Similarly, a USDA endorsed article about precision agriculture reveals that on-
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farm fuel use is reduced by approximately 30% using precision agriculture methods (Schimmelpfennig & 
Ebel, 2011). Based on this information, the precision farming scenario reduces the nitrogen fertilizer 
parameter to 66% of the baseline, and the diesel and gasoline parameters are reduced to 70% of the 
baseline. In modeling the wheat farming process, we adapted the USLCI “wheat, at field” data set instead 
of the EcoInvent data set in order to better compare to corn grain farming data.  
 
 
Corn 
 

Due to the availability of data from past model development, the entire corn product impact is captured 
in the process LCA models, thus capturing 100% of total impact.  
 
Baseline and Attribute Model Assumptions 
 

The conventional corn farming system was modeled based on the life cycle inventory information 
provided by Kim et al (2009).  The data is based on the top thirteen corn producing states, collectively 
known as the Corn Belt, which account for over 80% of the total corn in the United States. Input amounts 
for nitrogen, phosphate, potash, fungicide and herbicide were updated with (NASS, 2010) data. The 
chemical fertilizer forms from which N, P2O5 and K2O fertilizer is applied was determined using the 
EcoInvent US corn dataset (Ecoinvent, 2012). Because NASS data reports nitrogen and phosphates on a 
nutrient basis (N and P), the quantiy of these nutrients applied was converted to the quantity of fertilizer 
applied using the percent composition of the respective fertilizers. The NASS (2010a) data also indicated 
sulfur and insecticide as common applications, therefore, these inputs were also included within the 
baseline assessment. The irrigation input and amount was also taken from the Ecoinvent dataset since it 
was not indicated in the Kim et al (2009) or (NASS, 2010)sources. 
 
Organic 
 

Like organic wheat, organic corn farming systems are characterized by the avoidance of synthetic 
fertilizers, pesticides, fungicides and herbicides. The fertilizer requirements are instead substituted with 
green manure from canola (rapeseed) and dried poultry manure. In the previous analysis on organic wheat 
grain, it was determined that 1 kg of canola green manure could supply approximately 2.44e-3 kg of 
available N. Considering the yield of corn produced per acre (3881.12 kg corn/acre), approximately 4.97e-4 
kg of available N is needed from canola green manure per kg of corn. This amount of available N that is 
needed is then divided by the amount of available N that can be supplied per kg of canola green manure, 
resulting in approximately .2037 kg of green manure/kg corn. Due to the yield of green manure, .2037 kg 
of green manure requires approximately 1.0419 sqm of green manure per kg of corn.  

From the NASS (2010a) data, producing 1 kg of corn requires approximately 1.63e-2 kg of available N. 
Since canola green manure supplies 4.97e-3, approximately 1.584e-2 kg of available N is required from 
poultry manure per kg of corn. The previous analysis on organic wheat grain also indicated that 1.32e-2 kg 
of available N can be supplied in a kg of poultry manure. Therefore, dividing the amount of available N 
needed from poultry manure by the amount of available N supplied in a kg of poultry manure results in 
approximately 1.2 kg of poultry manure/kg of corn to satisfy the remaining nitrogen requirements.   The 
amount of available phosphorous, potassium and sulfur in 1.2 kg of poultry manure (Zublena, 1997) 
applied per kg of corn exceeds the phosphorous, potassium and sulfur requirements called for in the 
(NASS, 2010) data, therefore no rock phosphate, potash or sulfur fertilizer is applied. The study by 
Pimental (2006) provides a comparison of the average inputs of conventional and organic corn farming 
systems. The study revealed that lime, electricity, and gasoline inputs remain the same between the two 
systems, whereas diesel inputs are approximately 2.3% greater in the organic system than the conventional 
system. The study also indicated that yields range between a 11.5% reduction and a 4% addition in the 
organic yield relative to conventional yields. The results in the main article rely on the 11.5% reduction 
assumption as it provides a better point of comparison with organic wheat grain yields (28% reduction). 
The effect that the differences in yield for the Pimental (2006) study has on the amount of impact reduced 
(or increased) relative to the baseline results in a range of 19%. 
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A comparison of the EcoInvent ‘Grain maize organic, at farm’ dataset and the ‘grain maize, at farm’ 
dataset indicated vastly different assumptions that the Pimental (2006) study, showing a 50.6% increase in 
diesel consumption, a 19.3% increase in electricity, and a 16.2% decrease in yield for organic farming 
systems relative to conventional systems. These differences may be due to differences in locations; the 
Pimental study was a U.S. based study whereas the EcoInvent datasets are based in Switzerland. A range of 
30% is realized between the low yield Pimental (2006) and EcoInvent dataset (in terms of the amount of 
impact that is increased relative to the baseline).  

Although conventional corn grain is more impactful than conventional wheat grain, organic wheat 
proves to be more impactful than organic corn.  There are three primary reasons that drive this change. 
First, the table shows a significantly smaller amount of green manure applied per kg of corn than for wheat. 
This is because corn has a significantly higher yield than wheat, which reduces the amount of green manure 
that is available per kg of corn. Therefore, the amount of impact due to the production of green manure is 
greater per kg of wheat than per kg of corn. Second, because the corn nitrogen requirements are slightly 
less than the wheat requirements, a smaller amount of poultry manure is required to satisfy the remaining 
nitrogen requirements than the amount required for wheat, which again increases the impact from organic 
wheat. Lastly, the relative yield of organic wheat compared to conventional wheat is significantly less than 
the yield of organic corn compared to conventional corn. The combination of these factors (among others 
such as minor differences in fuel and other inputs), result in a greater impact from organic wheat than for 
organic corn. There is possibility for future studies to explore the large variations in attribute life cycle 
inventory configurations when better data become available. For example, several subsets of organic 
attributes could be assessed in the future to examine alternative organic practices and inputs, such as using 
beef manures or swine manures instead of dried poultry manure.  
 
Precision Farming 
 

The study by Roberts et al (2010) indicates that precision farming (using canopy reflectance sensing 
technology) can result in a 17% reduction in nitrogen costs, which is assumed in this study to directly relate 
to a 17% reduction in nitrogen application requirements. Therefore, instead of 1.63e-2 kg of available N 
applied per kg of corn, approximately 1.35e-2 kg of available N is applied. The study also indicated that 
there was a 32% reduction in fuel costs, resulting in 32% less diesel and gasoline from the baseline 
conventional corn farming requirements. All other assumptions remained the same as the baseline 
conventional corn farming system.  

 
 
Plastic Bag 
 
 
Baseline and Attribute Model Assumptions 
 

The baseline inventory data for constructing the plastic bag used in the model was based on data 
supplied by the University of Arkansas in affiliation with the Sustainability Consortium (TSC, 2011). A 
combination of HDPE and nylon materials are used in the composition of the bag material, which is formed 
using an extrusion process, the details of which are indicated in the life cycle inventory tables.  

A light weighting packaging scenario was also modeled, where a reinforced cereal bag is used in place 
of the cereal box. By switching to a bag-only scenario, approximately 75% of the total packaging weight 
(box + bag) can be reduced (Malt-O-Meal, 2009). This corresponds to approximately double the baseline 
bag weight, reinforcing the strength of the bag. A recycled HDPE product, which fully replaces virgin 
HDPE materials, and a light weighting product using recycled HDPE are also modeled. 
 
 
 
 

 



	 182	

Use the pilot supply chain sustainability (SCS) tool at 
http://gemi.org/gemisupplychainsustainabilitytool/
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Appendix B 
 
 
 
 

Environmental Performance of Dynamic 
Bio-Refinery Co-Product Portfolios: 
Implications on Production Planning and 
Policy – Supplemental Information 
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Table B. 1. Allocation factors for dry mass and wet mass assumptions. 

Multi-
Product 

Production 
Processes 

Pretreatment Fermentation 
w/ SSL 

Fermentation 
w/out SSL 

Fermentation 
w/ SSL (pulp 

stream)3 

Upgrading 
for 

Gasoline 

Products Allocation Factors  
Pulp1 .66     
SSL1 .34     
IBA1  .25 .3 .34  
FRS1  .48 .7 .66  
SSLS1  .27    
Jet Fuel2      
Gasoline2      

1 Based on dry mass 
2 Based on HHV energy allocation 
3 Used to allocate upstream production processes to only the relevant outputs associated 
with the sugar and pulp intermediate product processing; the SSL directly enters 
fermentation processing and therefore should not receive the burden from disassociated 
production processes.   
 
 
Table B. 2. Co-Product price parameter assumptions and sources. 

Co-Product Baseline Average 
Price | Year Price Range % variation 

off baseline Source 

IPK $704/ton | 2014 $70 - $1,056 -90% to 
+50% 

EIA (2015) 

Bio-
gasoline 

$796/ton | 2014 $119 - 
$1,074 

-85% to 
+40% 

EIA (2015) 

Ethanol $712/ton | 2014 $249 - 
$1,139 

-65% to 
+60% 

EIA (2015) 

Activated 
Carbon 

$2,623/ton | 2013 $2,098 - 
$3,147 

-20% to 
+20% 

Freedonia 
(2014) 

Char $2,486/ton | 2013 $0 - $13,051 -100% to 
+425% 

Bio-Char 
International 
(2013) 

Isobutanol $1,341/ton | 2015 $939 - 
$2,280 

-30% to 
+70% 

Sapp (2015) 

Paraxylene $1,603/ton | 2014 $962 - 
$2,164 

-40% to 
+35% 

Platts 
(2014) 

Cement 
Dispersant 
(60% MC) 

$50/ton | 2016 $42.5 -$57.5 -15% to 
+15% 

Spink 
(2016) 
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1 

Equivalence value of IPK (#RIN/gal) is 1.6, and density of 2.84 kg/gal.  
2 Equivalence value for gasoline (# RIN/gal) is 1.447, and density of 2.83 kg/gal.  
3 Equivalence value of ethanol (#RIN/gal) is 1, and density of 2.987 kg/gal.  
 
Table B. 3. Co-Product variable substitute input cost parameter assumptions and sources. 

Input Choice 
Set 

Baseline Average 
Price | Year 

Price 
Range 

% variation 
off 

baseline 
Source 

Wood (forest 
residue) 

$67/ton | 2013 $17 - $89 -75% to 
+25% 

NARA 
(2013); 
ORNL 
(2011) 

Natural Gas $.155/m3 | 2014 $.046 - 
$.496 

-70% to 
+220% 

EIA 2016 

Hog Fuel $45/ton | 2016 $11 - $56 -75% to 
+25% 

Spink 
2016 

Biogas $.512/m3 | 2014 $.104 - 
$.922 

-80% to 
+80% 

Dodge 
2014 

Compressed Air $4.51e-5/m3 | 
2006 

$2.3e-5 - 
$5.6e-5 

-50% to 
+25% 

Ulrich and 
Vasudevan 

2006 

Cement 
Dispersant 
(7% MC) 

$100/ton | 2016 $70 - $130 -30% to 
30% 

Spink 
(2016) 

Fly Ash $24/ton | 2011 $13 - $42 -45% to 
75% 

TDF (2011) 

IPK RIN1 
(Advanced) 

$272/ton | 2012-
2016 (avg.) 

$136 - $394 -50% to 
+45% 

Argus 
(2013); Opis 
(2016) 

IPK RIN1 
(Cellulosic) 

$560/ton | 2015 - 
2016 (avg) 

$392 - $728 -30 to 
+30% 

Opis (2016) 

Bio-
gasoline 
RIN2 
(Advanced) 

$302/ton | 2012-
2016 (avg.) 

$151 - $438 -50% to 
+45% 

Argus 
(2013); Opis 
(2016) 

Bio-
gasoline 
RIN2 
(Cellulosic) 

$622/ton | 2015 - 
2016 (avg) 

 

$435 - $809 -30% to 
+30% 

Opis (2016) 

Ethanol 
RIN3 
(Advanced) 

$198/ton | 2012-
2016 (avg.) 

$99 - $287 -50% to 
+45% 

Argus 
(2013); Opis 
(2016) 

Ethanol 
RIN3 
(Cellulosic) 

$407/ton | 2015 - 
2016 (avg) 

$285 - $529 -30% to 
+30% 

Opis (2016) 
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Hydrogen $3840/ton | 2016 $1,152 - 
$12,288 

-70% to 
+220% 

Spink 
2016 

Electricity 
(PNW) 

$90/Mwh | 2014 $45 - $112 -50% to 
+25% 

EIA 2016 

Green 
Electricity 

(PNW) 

$103/Mwh | 2014 $41 -$129 -60% to 
+25% 

EPA 2016 

 
 
 

 
Table B. 4. Minimum jet fuel production constraint scenarios. 

Minimum IPK 
Production Constraints 

10,000 
20,000 
30,000 
40,000 
50,000 
60,000 
70,000 
80,000 
90,000 
100,000 
110,000 
115,000 
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Figure B. 1. Time series of correlated jet fuel, biogasoline, and ethanol fuel prices.  

 
Used to constrain maximum quantity of dollars that gasoline prices can exceed jet fuel prices ($149.44), jet 
fuel prices can exceed gasoline prices ($28.33), gasoline prices can exceed ethanol prices ($186.42), and 
ethanol prices can exceed gasoline prices ($368.38). 
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Figure B. 2. Time series of crude oil products (jet fuel and gasoline) and natural gas prices. 

 
       Since 2008, the correlation between prices is weak.  
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Figure B. 3. Market pricing scenario distribution across biofuels (including expected value of RINs) and 
non-fuel co-products. 
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Figure B. 4. Market cost scenario distribution across variable substitute inputs. 
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Figure B. 5. Economic outputs (gross profit, revenue and cost distribution) of optimal production pathways 
across market scenarios and minimum jet fuel production constraints. 

 

 
 
 
 

Figure B. 6. Statistics of IPK jet fuel production across minimum production constraints. 

 

 
 
 
 
 

0%
1%
2%
3%
4%
5%
6%
7%
8%
9%

Pr
ob

ab
ili

ty
 (%

)
Gross Profit ($ Millions)

Gross Profit

0%

2%

4%

6%

8%

10%

12%

Pr
ob

ab
ili

ty
 (%

)

Revenue ($ Millions)

Revenue Distribution

0%

1%

2%

3%

4%

5%

6%

7%

8%

9%

Pr
ob

ab
ili

ty
 (%

)

Cost ($ Millions)

Cost Distribution

0

20,000

40,000

60,000

80,000

100,000

120,000

140,000

0 1 2 3 4 5 6 7 8 9 10 11 12 13

O
pt

im
al

 P
ro

du
ct

io
n 

O
up

tu
t o

f 
Je

t 
F

ue
l

Minimum Production Constraint Scenarios

Descriptive Statistics of Jet Fuel Production Across Minimum Production Constraints

25th Percentile

Median

75th Percentile

Maximum 

Minimum



	 192	

 
Figure B. 7. Cumulative percent of times sub-pathways are optimally selected out of total number of market 
scenarios. 
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Figure B. 8. Shadow prices (marginal values) of production process outputs, representing the change in the 
objective (gross profit) with a unit increase in output from the production process. 
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Figure B. 9. Shadow prices (marginal values) on feedstock input, representing the change in the objective 
(gross profit) with a unit increase in supply. 

 

 
 

Figure B. 10. Probability distribution of total biorefinery GHG emissions across minimum jet fuel 
production constraints and market scenarios. 
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Figure B. 11. Probability that biofuel outputs do not meet cellulosic or advanced biofuel category GHG 
reduction targets (allocation using wet mass). 
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Figure B. 12. Sensitivity analysis on IPK jet fuel GHG reduction potential for mass allocation using dry 
versus wet mass, as determined by the difference in GHG reduction percentage points. 
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Figure B. 13. Sensitivity analysis on Biogasoline GHG reduction potential for mass allocation using dry 
versus wet mass, as determined by the difference in GHG reduction percentage points. 
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Figure B. 14. Sensitivity analysis on Ethanol GHG reduction potential for mass allocation using dry versus 
wet mass, as determined by the difference in GHG reduction percentage points. 
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Figure B. 15. Probability distribution of co-product emission intensity factors (kg CO2e per ton output). 
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Life Cycle Inventory (Production processing material and energy flows).  
 
 
Table B. 5. Feedstock handling material and energy inputs and outputs. 

Inputs/Outputs Units/BDT Inventory Value 
Inputs 
Forest Residuals Tons 1.1e0 
Electricity Mwh 3.5e-2 
Outputs 
Sorted Forest Residuals Tons 1.0e0 
Residues to Boiler Tons 9.9e-2 

 
 
Table B. 6. Pretreatment material and energy inputs and outputs. 

Inputs/Outputs 
Units/Ton 

pretreatment output 
(pulp + SSL) 

Inventory 
Value 

Inputs 
Sorted forest residues BDT 4.3e-1 
Calcium carbonate Tons 1.5e-3 
Sulfur Tons 1.5e-3 
Water Tons 1.5e-1 
Sodium Hydroxide Tons 5.8e-4 
Steam Klb 5.4e-1 
Electricity Mwh 7.0e-3 
Outputs 
Pulp Tons 1.0e0 
Spent Sulfite Liquor 
(SSL) Tons 1.3e0 

Water vapor Tons 5.8e-3 
SO2 Tons 1.4e-4 
CO2 Tons 3.6e-3 
NaOH Tons 5.8e-4 
Wastewater  Tons 1.4e-1 
Solid Waste Tons 3.0e-4 
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Table B. 7. Enzymatic hydrolysis material and energy inputs and outputs. 

Inputs/Outputs 
Unit/Ton 

hydrolyzed 
sugar 

Inventory Value 

Inputs 
Pulp Tons 4.7e-1 
Corn Steep Liquor Tons 4.8e-4 
Glucose Tons 8.2e-3 
Lime Tons 1.1e-3 
Ammonia Tons 3.3e-4 
SO2 Tons 4.4e-5 
Hemicellulase 
Enzymes Tons 1.8e-3 

Electricity Mwh 3.8e-4 
Steam Klb 2.2e-3 
Outputs 
Hydrolyzed Sugar Tons 1.0e0 
Solid Waste Tons 8.6e-3 

 
 
Table B. 8. Fermentation material and energy inputs and outputs. 

Inputs/Outputs Unit/Ton 
IBA 

Fermentation with 
SSL 

Fermentation 
without SSL 

Inventory Value  
Inputs  
Hydrolysate sugar Tons 21.6e0 25.8e0 
SSL Tons 14.7e0 0 
Steam Klb 7.5e0 10.6e0 
Electricity Mwh .99e0 1.2e0 
City water MMgal 1.04e-5 1.2e-5 
Cooling water MMgal 2.3e-1 2.8e-1 
Outputs  
Isobutanol (IBA) Tons 1.0e0 1.0e0 
Fermentation Residual 
Solids Tons 24.0e0 28.6e0 

SSL Stillage Tons 14.0e0 0 
Wastewater Tons 3.0e0 3.6e0 
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Table B. 9. Fuel upgrading material and energy inputs and outputs. 

Inputs/Outputs Unit/Ton Fuel Jet Fuel (IPK) Jet Fuel and 
Gasoline 

Inventory Value 
Inputs 
Isobutanol Tons 1.5e0 3.0e0 
Steam Klb 6.14e-1 1.1e0 
Electricity Mwh 1.52e-1 2.7e-1 
Hydrogen Tons 1.30e-2 2.3e-2 
Cooling Water MMGal 1.03e-2 2.1e-2 
Dehydration Catalyst Tons 6.11e-3 1.2e-2 
Oligomerization 
Catalyst Tons 9.36e-4 1.9e-3 

Hydrogenation 
Catalyst Tons 1.14e-3 2.3e-3 

Outputs 
Jet Fuel (IPK) Tons 1.0e0 1.0e0 
Bio-Gasoline Tons 0 1.0e0 
Wastewater Tons 5.85e-1 1.2e0 

 
 
Table B. 10. Ethanol fermentation material and energy inputs and outputs. 

Inputs/Outputs Units/Ton Ethanol Inventory Value 
Inputs 
SSL Tons 59.0e0 
Ammonium Hydroxide 
(NH4OH) Tons 2.6e-1 

Corn Steep Liquor Tons 5.3e-2 
Diammonium Phosphate Tons 6.6e-3 
Cellulase Tons 2.8e-1 
Clarifier Polymer Tons 1.1e-3 
Steam Klb 11.9e0 
Electricity Mwh 5.13e-5 
Outputs 
Ethanol Tons 1.0e0 
Wastewater Tons 54.7e0 
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Table B. 11. Paraxylene production material and energy inputs and outputs. 

Inputs/Outputs Units/Ton 
Paraxylene Inventory Value 

Inputs 
IBA Tons 2.7e0 
Hydrogen Tons 2.3e-2 
Electricity Mwh 8.1e-1 
Steam Klb 1.1e0 
Water Tons 6.5e-2 
Outputs 
Paraxylene Tons 1.0e0 

 
 
 
 
Table B. 12. Carbonization (including drying) material and energy inputs and outputs. 

Inputs/Outputs Units/Ton Char Inventory Value 
Inputs 
Fermentation Residual Solids 
Stillage Tons 35.7e0 

Steam Klb 2.5e0 
Electricity Mwh 1.8e-3 
Natural Gas M3 59.6e0 
N2 Tons 1.8e0 
Outputs 
Char Tons 1.0e0 
Pyrolysis Gas Tons 1.3e0 
Wastewater Tons 30.6e0 

 
 
 
 
Table B. 13. Activation material and energy inputs and outputs. 

Inputs/Outputs 
Units/Ton 
Activated 
Carbon 

Inventory Value 

Inputs 
Char Tons 1.8e0 
Steam Klb 4.2e-1 
Electricity Mwh 3.3e-3 
Natural Gas M3 108.3e0 
CO2 Tons 8.0e-1 
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Outputs 
Activated 
Carbon Tons 1.0e0 

CO2 (biogenic) Tons 3.5e-1 
 
 
Table B. 14. Vapor recompression evaporation material and energy inputs and outputs. 

Inputs/Outputs Units/Ton Lignosulfonate 
(60% MC) Inventory Value 

Inputs 
SSL Stillage Tons 3.6e0 
Steam Klb 1.4e0 
Electricity Mwh 1.9e-1 
Calcium Hydroxide Tons 1.3e-2 
Outputs 
Lignosulfonate (60% 
MC) Tons 1.0e0 

Wastewater Tons 2.6e0 
Solid Waste Tons 3.0e-5 

 
 
 
 
Table B. 15. Spray drying material and energy inputs and outputs. 

Inputs/Outputs Units/Ton Lignosulfonate 
(7% MC) Inventory Value 

Inputs 
Lignosulfonate (60% MC) Tons 2.3e0 
Natural Gas M3 159.8e0 
Electricity Mwh 1.9e-2 
Compressed air M3 7.8e-3 
Outputs 
Lignosulfonate (7% MC) Tons 1.0e0 
Wastewater Tons 1.2e0 
Solid Waste Tons 1.4e-5 
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Figure B. 16. Production possibilities frontier for the total biorefinery production portfolio across market 
scenarios and minimum jet fuel production constraints. 

 
 
Figure B. 17. Production possibilities frontier for IPK jet fuel production across market scenarios and 
minimum production constraints (allocation using wet mass). 
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Figure B. 18. Production possibilities frontier for biogasoline production across market scenarios and 
minimum production constraints (allocation using wet mass). 

 
 

Figure B. 19. Production possibilities frontier for IPK jet fuel production across market scenarios and 
minimum production constraints (allocation using dry mass). 
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Figure B. 20. Production possibilities frontier for biogasoline production across market scenarios and 
minimum production constraints (allocation using dry mass). 
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Tableau – Biorefinery Parameters 
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Tableau Notation 
 
FHAE = Feedstock handling using average electricity for PNW 
FHGE = Feedstock handling using green electricity for PNW 
PTAE = Pretreatment using average electricity for PNW 
PTGE = Pretreatment using green electricity for PNW 
CD50AE = Vapor recompression evaporation using average electricity for PNW, for 

cement dispersant at 60% MC 
CD50GE = Vapor recompression evaporation using green electricity for PNW, for 

cement dispersant at 60% MC 
CD93NG = Spray drying using average electricity for PNW and natural gas, for cement 

dispersant at 7% MC 
CD93NGGE = Spray drying using green electricity for PNW and natural gas, for cement 

dispersant at 7% MC 
CD93BG = Spray drying using average electricity for PNW and biogas, for cement 

dispersant at 7% MC 
CD93BGGE =  Spray drying using green electricity for PNW and biogas, for cement 

dispersant at 7% MC 
SSLETHAE = Ethanol fermentation using SSL and average electricity for PNW 
SSLETHGE = Ethanol fermentation using SSL and green electricity for PNW 
HydAE = Enzymatic hydrolysis using average electricity for PNW 
HydGE = Enzymatic hydrolysis using green electricity for PNW 
FAEwSSL = Isobutanol fermentation using SSL, Pulp and average electricity for PNW 
FGEwSSL = Isobutanol fermentation using SSL, Pulp and green electricity for PNW 
FAEwoSSL = Isobutanol fermentation using Pulp and average electricity for PNW but 

without SSL 
FGEwoSSL = Isobutanol fermentation using Pulp and green electricity for PNW but 

without SSL 
UpAE = Upgrading isobutanol to iso-paraffinic kerosene using average electricity for 

PNW 
UpGE = Upgrading isobutanol to iso-paraffinic kerosene using green electricity for PNW 
UpAEG = Upgrading isobutanol to iso-paraffinic kerosene and bio-gasoline using 

average electricity for PNW 
UpGEG = Upgrading isobutanol to iso-paraffinic kerosene and bio-gasoline using green 

electricity for PNW 
CarbAENG = Carbonization of FRS using average electricity for PNW and natural gas 
CarbAEBG = Carbonization of FRS using average electricity for PNW and biogas 
CarbGENG = Carbonization of FRS using green electricity for PNW and natural gas 
CarbGEBG = Carbonization of FRS using green electricity for PNW and biogas 
ActAENG = Activation of char using average electricity for PNW and natural gas 
ActAEBG = Activation of char using average electricity for PNW and biogas 
ActGENG = Activation of char using green electricity for PNW and natural gas 
ActGEBG = Activation of char using green electricity for PNW and biogas 
PXPAE = Upgrading isobutanol to paraxylene using average electricity for PNW 
PXPGE = Upgrading isobutanol to paraxylene using green electricity for PNW 
BPGAE = Boiler using pyrolysis gas and average electricity for PNW to produce steam 
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BPGGE = Boiler using pyrolysis gas and green electricity for PNW to produce steam 
BFRSAAE1 = Boiler using FRS, producing fly ash for sale using average electricity for 

PNW and natural gas to produce steam 
BFRSAAE2 = Boiler using FRS, producing fly ash for sale using average electricity for 

PNW and biogas to produce steam 
BFRSAGE1 = Boiler using FRS, producing fly ash for sale using green electricity for 

PNW and natural gas to produce steam 
BFRSAGE2 = Boiler using FRS, producing fly ash for sale using green electricity for 

PNW and biogas to produce steam 
BFRSLAE1 = Boiler using FRS, producing landfilled fly ash using average electricity for 

PNW and natural gas to produce steam 
BFRSLAE2 = Boiler using FRS, producing landfilled fly ash using average electricity for 

PNW and biogas to produce steam 
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GAMS Linear Programming Code 
 
$Title Biorefinery Net Operating Profit Optimization 
Option LimRow=30, LimCol=30; 
 
*Sets 
 
Set I Inputs 
/W Wood- tons, NG Natural Gas - m3, 
HF Hog Fuel - tons, BG Biogas - m3, 
CA Compressed Air - m3, H2 Hydrogen - tons, 
AVE average electricity MWH, GRE Green electricity MWh/; 
Set M Production Processes 
/FHAE feedst. hand. avg. elect. tons, FHGE feedst. hand. green elect. tons, PTAE Pretreat AE tons, 
PTGE Pretreat GE tons, CD50AE CD50 avg. elect tons, CD50GE CD50 green elect. tons, CD93NG CD93 drying NG tons, 
CD93NGGE CD93 drying NG GE tons, CD93BG CD93 drying BG tons, CD93BGGE CD93 drying BG GE tons, 
SSLETHAE SSL to ethanol AE tons,SSLETHGE SSL to ethanol GE tons, HydAE hydrolysis avg. elect tons, 
HydGE hydrolysis green elect. tons, SR sugar refining, FAEwSSL ferment IBA AVE w SSL tons, 
FGEwSSL ferment IBA GRE w SSL tons, FAEwoSSL ferment IBA AVE wo SSL tons, 
FGEwoSSL ferment IBA GRE wo SSL tons, UpAE upgrading to JF AVE tons, 
UpGE upgrading to JF GRE tons, UpAEG upgrading to JF and GAS AVE tons, UpGEG upgrading to JF and GAS GRE tons, 
CarbAENG carbonization AVE NG tons,CarbAEBG carbonization AVE BG tons, CarbGENG carbonization GRE NG tons, 
CarbGEBG carbonization GRE BG tons, ActAENG activation AVE NG tons, 
ActAEBG activation AVE BG tons, ActGENG activation GRE NG tons, ActGEBG activation GRE BG tons, 
PXPAE paraxylene prod AVE tons, PXPGE paraxylene prod GRE tons, 
BPGAE boiler pyrol gas w AE klb, 
BPGGE boiler pyrol gas w GE klb,BFRSAAE1 boiler FRS to ash w AE & NG klb, 
BFRSAAE2 boiler FRS to ash w AE & BG klb, BFRSAGE1 boiler FRS to ash w GE & NG klb, 
BFRSAGE2 boiler FRS to ash GE & BG klb, BFRSLAE1 boiler FRS to landfill w AE & NG klb, 
BFRSLAE2 boiler FRS to landfill w AE & BG klb, BFRSLGE1 boiler FRS to landfill w GE & NG klb, 
BFRSLGE2 boiler FRS to landfill w GE & BG klb,BNGAE boiler NG w AE klb, 
BNGGE boiler NG w GE klb,BHFAAE1 boiler hogfuel to ash w AE & NG klb, 
BHFAAE2 boiler hogfuel to ash w AE & BG klb, BHFAGE1 boiler hogfuel to ash w GE & NG klb, 
BHFAGE2 boiler hogfuel to ash w GE & BG klb, BHFLAE1 boiler hogfuel to landfill w AE & NG klb, 
BHFLAE2 boiler hogfuel to landfill w AE & BG klb, 
BHFLGE1 boiler hogfuel to landfill w GE & NG klb, 
BHFLGE2 boiler hogfuel to landfill w GE & BG klb, BWRAAE1 boiler WR to ash w AE & NG klb, 
BWRAAE2 boiler WR to ash w AE & BG klb, BWRAGE1 boiler WR to ash w GE & NG klb, 
BWRAGE2 boiler WR to ash w GE & BG klb, BWRLAE1 boiler WR to landfill w AE & NG klb, 
BWRLAE2 boiler WR to landfill w AE & BG klb, BWRLGE1 boiler WR to landfill w GE & NG klb, 
BWRLGE2 boiler WR to landfill w GE & BG klb, 
BBGAE boiler BG w AE klb, BBGGE boiler BG w GE klb, WWT wastewater treatment tons, 
LF Landfill tons/; 
 
Set S W Solid Waste 
/LF/; 
 
Set O Products 
/SW sorted wood tons,WR wood residue, Pp pulp tons, 
SG sugars tons, 
FRS fermentation residual solids tons, 
SSL Spent sulfite Liquor tons, 
SSLS spent sulfite liquor stillage tons, IBA isobutanol tons, 
JF Jet fuel tons, GAS gasoline tons, CH Char, 
AC Activated Carbon tons, PG pyrolysis gas tons,PX Paraxylene tons, 
CD50 Cement Dispersant 50% solids tons, H2 hydrogen tons, 
CD93 Cement Dispersant 93% solids tons, Eth ethanol tons, 
FA Fly Ash tons, Stm Steam Klb, WW waste water flows tons, 
WTL solid waste to landfill tons, TW Treated Wastewater tons/; 
 
Set EconPerf Economic Performance Measures 
/Rev Total Revenue Excluding Subsidy - $, 
C Total Operating Cost - $/; 
 
Set M O min. output 
/Run1*Run13/; 
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Set S D Supply and Demand Attributes /Min lower bound quantity, Max upper bound quantity/; 
 
Set D A jet fuel minimum production /JFMin lower bound quantity/; 
Set PSA Price sensitivity Analysis 
/S1*S20000 /; 
 
*Parameters and Tables 
 
Parameter W1(EconPerf) weights on economic performance measures 
/Rev 1, C -1/; 
 
Parameter P(O,SD) product sales bounds on product output; 
P(O,"Min") = 0; 
P(O,"Max") = INF; 
 
Parameter H(M,SD) bounds on production activities; 
H(M,"Min") = 0; 
H(M,"Max") = INF; 
Parameter R(I,SD) input purchase bounds; 
R(I,"Min") = 0; R(I,"Max") = INF; 
R("W","Max") = 846059; 
 
 
*Input Requirements 
Table N(I,M) requirements of input per unit activity 
$OffListing 
$include C:\Users\olso4235\Desktop\XLS2GMS\irequirements.inc 
; 
$OnListing 
Display N; 
 
 
*Net Product Yields - Negative Co-efficients indicates net use of intermediate product 
 
Table Q(O,M) Net production of product by production activities 
$OffListing 
$include C:\Users\olso4235\Desktop\XLS2GMS\netprod.inc 
; 
$OnListing 
Display Q; 
 
Table PSAO(EconPerf,PSA,O) price per unit output for each pricing scenario 
$OffListing 
$include C:\Users\olso4235\Desktop\XLS2GMS\Priceoutput.inc 
; 
$OnListing 
Display PSAO; 
 
Table CSAI(EconPerf,PSA,I) cost per unit input for each pricing scenario 
$OffListing 
$include C:\Users\olso4235\Desktop\XLS2GMS\Priceinput.inc 
; 
$OnListing 
Display CSAI; 
 
 
Parameter Econ(EconPerf,M) Economic Performance measure for production activities; 
Econ("C","FHAE") = -.0999; Econ("C","FHGE") = -.0999; 
Econ("C","SSLETHAE") = -543.4; Econ("C","SSLETHGE") = -543.4; 
Econ("C","CD50AE")= -2.3; Econ("C","CD50GE") = -2.3; 
Econ("C","UpAE") = -1.29; Econ("C","UpGE") = -1.29; 
Econ("C","UpAEG") = -1.29; Econ("C","UpGEG") =-1.29; 
Econ("C","PTAE") = -1.4; Econ("C","PTGE") = -1.4; 
Econ("C","HydAE") = -3.496; Econ("C","HydGE") = -3.496; 
Econ("C","FAEwSSL") = -109.45; Econ("C","FGEwSSL") = -109.45; 
Econ("C","FAEwoSSL") = -114.76; Econ("C","FGEwoSSL") = -1114.76; 
Econ("C","CarbAENG") = -95.13; Econ("C","CarbAEBG") = -95.13; 
Econ("C","CarbGENG") = -95.13; Econ("C","CarbGEBG") = -95.13; 
Econ("C","ActAENG") = -128.12; Econ("C","ActAEBG") = -128.12; 
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Econ("C","ActGENG") = -128.12; Econ("C","ActGEBG") = -128.12; 
Econ("C","BPGAE") = -0.936; Econ("C","BPGGE") = -0.936; 
Econ("C","BFRSAAE1") = -180.19; Econ("C","BFRSAAE2") = -180.19; 
Econ("C","BFRSAGE1") = -180.19; Econ("C","BFRSAGE2") = -180.19; 
Econ("C", "BFRSLAE1") = -180.19; Econ("C","BFRSLAE2") = -180.19; 
Econ("C", "BFRSLGE1") = -180.19; Econ("C","BFRSLGE2") = -180.19; 
Econ("C", "BNGAE") = -0.936; Econ("C","BNGGE") = -0.936; 
Econ("C","BHFAAE1") = -180.19; Econ("C","BHFAAE2") = -180.19; 
Econ("C","BHFAGE1") = -180.19; Econ("C","BHFAGE2") = -180.19; 
Econ("C","BHFLAE1") = -180.19; Econ("C","BHFLAE2") = -180.19; 
Econ("C","BHFLGE1") = -180.19; Econ("C","BHFLGE2") = -180.19; 
Econ("C","BWRAAE1") = -180.19; Econ("C","BWRAAE2") = -180.19; 
Econ("C","BWRLAE1") = -180.19; Econ("C","BWRLAE2") = -180.19; 
Econ("C","BWRAGE1") = -180.19; Econ("C","BWRAGE2") = -180.19; 
Econ("C","BWRLGE1") = -180.19; Econ("C","BWRLGE2") = -180.19; 
Econ("C","BBGAE") = -0.936; Econ("C","BBGGE") = -0.936; 
Econ("C","WWT") = -.064; 
 
 
Parameter OC(DA,MO,PSA) output constraint on jet fuel short tons per year; 
OC("JFMin","Run1",PSA) = 0; 
OC("JFMin","Run2", PSA) = 10000; 
OC("JFMin","Run3",PSA) = 20000; 
OC("JFMin","Run4",PSA) = 30000; 
OC("JFMin","Run5",PSA) = 40000; 
OC("JFMin","Run6",PSA) = 50000; 
OC("JFMin","Run7",PSA) = 60000; 
OC("JFMin","Run8",PSA) = 70000; 
OC("JFMin","Run9",PSA) =80000; 
OC("JFMin","Run10",PSA) =90000; 
OC("JFMin","Run11",PSA) =100000; 
OC("JFMin","Run12",PSA) =110000; 
OC("JFMin","Run13",PSA) =115000; 
*equals 37,705,386 gallons of IPK (just under the maximum capacity of 37,767,342 gallons) 
 

 
*Variables and Equations 
 
Parameters 
O C V a l ue Jet fuel total 
POut(O,EconPerf) Price of output 
CIn(I,EconPerf) Cost of input; 
 
Variables X(M) level of production process activity, 
Z(I) supply of input, 
Y(O) Sales of product, 
O b j Objective, 
W(SW) Waste sent to landfill, 
F(EconPerf) Cost and Revenue Performance measures; 
 
Positive Variables X,Z,Y; 
Z.lo(I) = R(I,"Min"); Z.up(I) = R(I,"Max"); 
Y.lo(O) = P(O,"Min"); Y.up(O) = P(O,"Max"); 
X.lo(M) = H(M,"Min"); X.up(M) = H(M,"Max"); 

 
Equations Objective “Objective Function Value” 
Input(I) Input Constraints 
Output(O) Product Output Constraints 
TotCH Total output constraint on char product 
TotIBA Total output constraint on iba product 
TotLF(SW) Total landfill outupt 
EconPerform(EconPerf) Economic Performance measure constraints 
TotJF Total jet fuel output; 
 
 
 
 
 
 



	 218	

*objective function 
Objective.. sum(EconPerf, W1(EconPerf)*F(EconPerf))+sum(SW, W(SW)*(-47)) =E= Obj; 
 
*Input Constraints 
Input(I).. sum(M, N(I,M)*X(M))-Z(I) =E= 0; 

 
*Output Constraints 
TotJF.. Y("JF")=G= OCValue; 
Output(O).. -sum(M,Q(O,M)*X(M))+Y(O) =E= 0; 
TotCH.. Y("CH") =L= 827; 
TotIBA.. Y("IBA")=L= 148532.5; 
TotLF(SW).. W(SW)-(Y("WR")+Y("Pp")+Y("WTL")+Y("SSL")+Y("SSLS")+Y("FRS")) =E= 0; 
EconPerform(EconPerf).. F(EconPerf)+sum(O, POut(O, EconPerf)*Y(O))+sum(M, Econ(EconPerf,M)*X(M))+ 
sum(I, CIn(I, EconPerf)*Z(I)) =E= 0; 
 
Model Biorefinery1 /All/; 

 
Set L Labels for results tables 
/Yl level of output, Ym marginal value of output, Xl level of production activity, 
Xm marginal value of production activity, Zl level of input, Zm marginal value of input, NR net revenue, 
Fl level of costs and revenues, Wl level of waste output/; 
 
Parameter YRslt(L,MO,PSA,O) output results table; 
Parameter XRslt(L,MO,PSA,M) activity results table; 
Parameter IRslt(L,MO,PSA,I) input results table; 
Parameter ObjRslt(L,MO,PSA) objective results table; 
Parameter PerfRslt(L,MO,PSA,EconPerf) cost and revenue results table; 
Parameter WRslt(L,MO,PSA,SW) waste output results table; 

 
Loop((DA, MO, PSA), 
OCValue = OC(DA,MO,PSA); 
loop((EconPerf,O), 
POut(O,EconPerf) = PSAO(EconPerf,PSA,O); 
); 
loop((EconPerf,I), 
CIn(I,EconPerf) = CSAI(EconPerf,PSA,I); 
); 
 
option Solvelink=5; 
 
Solve Biorefinery1 using LP maximizing Obj; 
*YRslt("Yl",MO,PSA,O) = Y.l(O); 
YRslt("Ym",MO,PSA,O) = Y.m(O); 
*XRslt("Xl",MO,PSA,M) = X.l(M); 
XRslt("Xm",MO,PSA,M) = X.m(M); 
*IRslt("Zl",MO,PSA,I) = Z.l(I); 
IRslt("Zm",MO,PSA,I) = Z.m(I); 
*ObjRslt("NR",MO,PSA) = Obj.l; 
PerfRslt("Fl",MO,PSA,EconPerf) = F.l(EconPerf); 
WRslt("Wl",MO,PSA,SW) = W.l(SW); 
 
Option YRslt: 3:1:2; Display YRslt; 
Option XRslt: 3:1:2; Display XRslt; 
Option IRslt: 3:1:2; Display IRslt; 
Option ObjRslt: 3:1:1; Display ObjRslt; 
Option PerfRslt: 3:1:2; Display PerfRslt; 
Option WRslt: 3:1:2; Display WRslt; 
 
execute_unload "biofuelsRslt.gdx" YRslt XRslt IRslt PerfRslt WRslt ObjRslt 
execute 'gdxxrw.exe biofuelsRslt.gdx par=YRslt rng=prodoutput!' 
execute 'gdxxrw.exe biofuelsRslt.gdx par=IRslt rng=input!' 
execute 'gdxxrw.exe biofuelsRslt.gdx par=ObjRslt rng=objective!' 
execute 'gdxxrw.exe biofuelsRslt.gdx par=PerfRslt rng=costRev!' 
execute 'gdxxrw.exe biofuelsRslt.gdx par=XRslt rng=activity!' 
execute 'gdxxrw.exe biofuelsRslt.gdx par=WRslt rng=wasteoutput!' 
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Appendix C 
 
 
 
 
 

Spatial Life Cycle Assessment Methods 
for Green Supply Chain Management: A 
Case Study on the U.S. Pork Industry – 
Supplemental Information 
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Table C. 1. Table of IPCC GWP values for each greenhouse gas from 5th assessment report (IPCC, 2014). 

GHG 
With-out climate 
carbon feedbacks 

With climate 
carbon feedbacks 

Fossil Biogenic Fossil Biogenic 
CO2 1 0 1 0 
CH4 30 28 36 34 
N2O 265 265 298 298 

 
 
Figure C. 1. Percent contribution to total cradle-to-grave GHG emissions of 4 oz. piece of boneless pork 
meat.  

  
Adapted from the 2011 National Pork Board life cycle assessment. Due to the recent updates in IPCC 
recommended GWP values for methane and in particular, biogenic methane, the portion of GWP 
contributed by manure is expected to enlarge relative to the other contributors (Thoma, et al., 2011). 
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Figure C. 2. Percent contribution to total cradle-to-gate corn production GHG emissions. 

 
 

Figure C. 3. Comparison of nitrogen fertilizer cradle-to-gate GHG emissions. 
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Figure C. 4. Probability distribution for N fertilizer application per acre across U.S. counties. 

 
 

 

Figure C. 5. Cumulative probability distribution of N fertilizer application per acre across U.S. counties 
(without outliers). 
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Table C. 2. Direct N2O emission factors for corn production across States, derived from USDA land 
resource region emission factors. 

State Name Kg CO2e per lb N 
applied to corn acres 

California 2.0 
Colorado 1.3 
Illinois 3.5 
Indiana 3.3 
Iowa 3.2 
Kansas 3.5 
Kentucky 2.8 
Michigan 3.0 
Minnesota 3.7 
Missouri 3.8 
Nebraska 2.1 
New Mexico 2.0 
New York 4.3 
North Carolina 2.7 
Ohio 6.5 
Pennsylvania 4.3 
South Carolina 2.2 
South Dakota 1.1 
Tennessee 9.0 
Texas 2.9 
Utah 2.3 
Vermont 3.6 
Virginia 2.8 
Wisconsin 4.2 
IPCC Direct 2.1 
IPCC Indirect .3 

 
Table C. 3. Manure management system characteristics. 

Manure Management 
System Characteristics 

Pasture/range The manure from pasture and range grazing animals is allowed to remain as 
deposited, and is not managed. 

Solid Storage 
Storage of manure (typically for a period of several months), in piles and is 
able to be stacked due to the presence of sufficient amount of bedding 
materials or loss of moisture by evaporation.  

Liquid/slurry Manure is stored as excreted or with some minimal addition of water to 
facilitate handling and is generally stored in large concrete-lined tanks. 

Anaerobic Lagoon 
Anaerobic lagoon systems are characterized by flush systems that use water to 
transport manure to the lagoons. The water from the lagoon may be recycled as 
flush water or used to irrigate/fertilize fields. 

Pit Storage Collection and storage of manure usually with little or no added water 
typically below a slatted floor in an enclosed animal confinement facility. 

Anaerobic Digester Manure is collected and anaerobically digested in a large containment vessel or 
covered lagoon. Methane gas is captured and flared or used as a fuel.  
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Table C. 4. Collection efficiency and destruction efficiency of three types of anaerobic digesters (EPA, 
2016c).  

 
The 86.5% collection efficiency for the covered lagoon system is based on an average of the high and low 
values (99% and 75% respectively) estimated in the literature.  

 

Table C. 5. Direct N2O emission factors per quantity of N handled in each manure management system. 

Manure Management System 
Emissions Factor  
(kg N2O-N/kg N) 

Uncovered Anaerobic Lagoon 0 
Liquid/Slurry (with crust cover) 0.005 
Liquid/Slurry (w/out cover) 0 
Average Liquid/Slurry  0.0025 
Storage Pits < 1 month 0.002 
Storage Pits > 1 month 0.002 
Average Storage Pit 0.002 
Solid manure storage 0.005 
Pastures 0 
Anaerobic Digesters 0 

 
 
Table C. 6. Indirect N2O emissions based on percent of N loss to volatilization and runoff. 

MMS Volatilization 
% N Loss 

Runoff % N Loss 

Central Pacific Mid-Atlantic Midwest South 

Anaerobic 
Lagoon 0.58 0.002 0.008 0.007 0.004 0.009 

Deep Pit 0.34 0 0 0 0 0 

Liquid/Slurry 0.26 0.002 0.008 0.007 0.004 0.009 

Pasture 0 0 0 0 0 0 

Solid Storage 0.45 0 0 0 0 0 
 

Anaerobic Digester Type Collection Efficiency (CE) Destruction Efficiency (DE)

Covered Lagoon .865 .98

Complete Mix .99 .98

Plug Flow .99 .98
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Table C. 7. Methane conversion factor variation by average annual ambient temperature (in degrees C). 

 
Temperature for MCF based on 30-year average. MCF’s for temperatures below 10 and above 28 degrees are respectively given the minimum and 
maximum respective MCFs. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Methane Conversion Factors by Average Annual Ambient Temperature and Manure Management System (MMS)

MMS Cool Temperate (degrees C) Warm
10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28

Uncovered 
Anaerobic 
Lagoon 0.66 0.68 0.7 0.71 0.73 0.74 0.75 0.76 0.77 0.78 0.78 0.78 0.79 0.79 0.79 0.79 0.79 0.8 0.8
Liquid/Slurry 
(with crust 
cover) 0.1 0.11 0.13 0.14 0.15 0.17 0.18 0.2 0.22 0.24 0.26 0.29 0.31 0.34 0.37 0.41 0.44 0.48 0.5
Liquid/Slurry 
(w no crust) 0.17 0.19 0.2 0.22 0.25 0.27 0.29 0.32 0.35 0.39 0.42 0.46 0.5 0.6 0.65 0.71 0.78 0.8 0.8
Average 
Liquid/Slurry 0.135 0.15 0.165 0.18 0.2 0.22 0.235 0.26 0.285 0.315 0.34 0.375 0.405 0.47 0.51 0.56 0.61 0.64 0.65
Storage Pits 
< 1 month 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.3 0.3 0.3
Storage Pits 
> 1 month 0.17 0.19 0.2 0.22 0.25 0.27 0.29 0.32 0.35 0.39 0.42 0.46 0.5 0.55 0.6 0.65 0.71 0.78 0.8
Average 
Storage Pit 0.1 0.11 0.115 0.125 0.14 0.15 0.16 0.175 0.19 0.21 0.225 0.245 0.265 0.29 0.315 0.34 0.505 0.54 0.55
Solid manure 
storage 0.02 0.02 0.02 0.02 0.02 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.04 0.05 0.05 0.05

Pasture 0.01 0.01 0.01 0.01 0.01 0.015 0.015 0.015 0.015 0.015 0.015 0.015 0.015 0.015 0.015 0.015 0.02 0.02 0.02
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Figure C. 6. Variation in manure management system GHG emissions based on county average 
temperature profiles. 

 
 

 

 

Figure C. 7. Net GHG emissions from different anaerobic digester types and biogas uses. 
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Table C. 8. Sub-regional eGRID emission factors for 2012, adapted from: (EPA, 2015a; Diem & Quiroz, 
2012).   

Sub-region eGRID emission factor 
(lbs CO2e/Mwh) 

Grid loss emission factor 
(lbs CO2e/Mwh) 

AKGD 1,271.6 78.9 
AKMS 482.6 29.9 
ERCT 1,147.2 99.6 
FRCC 1,129.9 69.8 
HIMS 1,205.5 102.1 
HIOA 1,585.0 134.3 
MROE 1,531.0 94.6 
MROW 1,433.2 88.6 
NYLI 1,205.9 74.5 
NYCW 698.1 43.1 
NEWE 642.8 39.7 
NYUP 410.3 25.4 
RFCE 862.7 53.3 
RFCM 1,577.3 97.5 
RFCW 1,386.6 85.7 
SRMW 1,719.7 106.3 
SRMV 1,056.7 65.3 
SRSO 1,154.3 71.33 
SRTV 1,344.0 83.1 
SRVC 937.9 58.0 
SPNO 1,730.5 106.9 
SPSO 1,545.3 95.5 
CAMX 652.7 58.4 
NWPP 669.2 59.9 
RMPA 1,831.8 163.8 
AZNM 1,158.0 103.6 
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Figure C. 8. Average (2007 and 2012) county corn yield (bushels per acre). 
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Figure C. 9. Direct N2O emissions per bushel. 
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Figure C. 10. Indirect N2O emissions per bushel. 

 
NA
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Figure C. 11. County irrigation water use (m3 per bushel). 

 
NA
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Figure C. 12. Distribution of manure management system (MMS) by state. Adapted from: (EPA, 2016c). 
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Figure C. 13. County average ambient temperature (degrees C) used to determine appropriate methane conversion factors for each manure 
management system.  

 
Based on 30-year average temperature (from 1981-2011), representing a climate period. 
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Figure C. 14. County manure management GHG emissions factors (kg CO2e per finished hog head) from methane emissions based on state level 
distribution of manure management systems adjusted for county-level presence of anaerobic digesters. 

 
NA
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Figure C. 15. County Avoided GHG Emissions from Digester gas usage (kg CO2e avoided per finished hog head) – considering electricity 
displacement, natural gas displacement for thermal energy, and cogeneration, based on county-distribution of manure handled in anaerobic digesters.  

 
NA
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Figure C. 16. County manure management GHG emissions factors (kg CO2e per finished hog) from direct nitrous oxide emissions based on state level 
distribution of manure management systems adjusted for county-level presence of anaerobic digesters. 

 
NA
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Figure C. 17. County manure management GHG emissions factors (kg CO2e per finished hog) from indirect nitrous oxide emissions based on state level 
distribution of manure management systems adjusted for county-level presence of anaerobic digesters. 

 
 

 

NA
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Figure C. 18. Hog processing facilities mapped to eGRID sub-regions. 
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Figure C. 19. Average total GHG emissions per year and GHG emissions per finished hogs for Smithfield Farms pork production. 

 
 
 
 

 
 

 

Kg	CO2e	
per	year

Corn	Production	 																				 Livestock	Production	 (manure	management) Electricity	Consumption	 in	Processing

Corn	Production	 																				 Livestock	Production	 (manure	management) Electricity	Consumption	 in	Processing

NANANA

NA NA NA

Kg	CO2e	per	
Finished	Hog

Smithfield:



	 240	

 

 

Figure C. 20. Average total GHG emissions per year and GHG emissions per finished hogs for Tyson Foods pork production. 
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Figure C. 21. Average total GHG emissions per year and GHG emissions per finished hogs for JBS pork production. 
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Figure C. 22. Average total GHG emissions per year and GHG emissions per finished hogs for Cargill pork production (before sale). 
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Figure C. 23. Average total GHG emissions per year and GHG emissions per finished hogs for Hormel pork production. 
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Figure C. 24. Total annual (cradle-to-grave) GHG pork processing emissions, ranked from lowest market 
share to highest market share. 
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Figure C. 25. Company percent of industry GHG emissions compared to company percent share of 
industry market. A) total industry, B) small processing companies with less than 5% of market share. 

A) 	
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Figure C. 26. 2012 County-level inputs for inter-regional commodity transport model. A) Total county corn 
supply, B) total county corn demand, C) total hog supply. Source: Smith et al. 2016. 

 

A) 	
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C) 	
 
 
Further details:  
A) Total quantity of corn grain produced in 2012 in each U.S. county based on USDA 
census data. B) Total 2012 corn demand from ethanol production, feed (broiler, layers, 
pullets, turkeys, hog, beef, dairy cows, other cattle), wet mills, exports and all other uses, 
as provided by USDA census. C) Total 2012 county hog supply for processing facilities 
based on USDA census data and facility slaughter totals (Pork Checkoff, 2016; Smith, et 
al., 2016).  
 
Panel A and B are together used to move corn supply to corn demand, and panel C 
represents the hog supply inputs that are moved to slaughter processing facilities. The 
movement of corn and hogs to demand locations is based on minimizing the total costs of 
supply across all sources of demand. The total costs include the prices for corn grain, 
which vary across states, and the costs of transport (moving corn and livestock) using 
either truck or rail. See figure C.27 for the results of the optimization. Visuals and data 
from (Smith, et al., 2016). 
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Figure C. 27. Transport model results showing 2-stage movement of corn supply to demand locations (i.e. 
embedded corn) and livestock movement to processing facilities. A) Results depicted for primary corn 
demanders, accounting for approximately 80% of total demand (100% of corn use is accounted for in 
model), B) transport results depicted for the U.S. hog industry, which was used for the company-specific 
spatial LCA. Source: Smith, et al., 2016. 
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B) 	
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