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Abstract

Organizational misconduct—ranging from corporate fraud to environmental

disasters—poses severe risks to individuals, businesses, and society. Examples such

as Theranos’ fraudulent blood testing, Ford Pinto’s flawed fuel tank design, and the

Deepwater Horizon oil spill illustrate the devastating consequences of firms violating legal,

ethical, or social norms. Despite growing awareness of these issues, research on effective,

evidence-based prevention strategies remains limited.

This dissertation addresses this gap by exploring governance reforms and regulatory

interventions as strategies to prevent misconduct. Using an Operations and Supply Chain

Management (OSCM) lens, I study misconduct in three different contexts: informed trading

during the medical device recall process, environmental injustice in U.S. manufacturing,

and hygiene violations by restaurants. In each context, I explore why organizational

misconduct occurs and how it can be effectively prevented or mitigated. The findings show

that well-designed governance reforms and regulatory interventions can significantly reduce

misconduct, providing valuable insights for firms, policymakers, and regulators, including

the U.S. Food and Drug Administration (FDA), Securities and Exchange Commission

(SEC), Environmental Protection Agency (EPA), and health departments.

The dissertation is organized as follows: Chapter 1 introduces the topic and outlines

the essays. Chapter 2 frames organizational misconduct within the OSCM literature and

introduces a framework to study it. Chapters 3, 4, and 5 present three empirical essays that

explore different aspects of misconduct and its prevention. Finally, Chapter 6 summarizes

the findings and discusses their implications for research, practice, and policy.

This research contributes to both academic debate and practical decision-making by

shedding light on effective strategies to prevent organizational misconduct. As a result, we

have a better understanding of how firms may operate more ethically and responsibly.
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Chapter 1

Introduction

1.1 Motivation

Researchers studying Operations and Supply Chain Management (OSCM) have historically

focused on how organizations should manage “work to produce valuable results” (Browning

2020, p. 498). Yet, a growing body of work examines cases where operational decisions

lead to socially undesirable outcomes such as Ford Pinto’s flawed fuel tank design (Gioia

1992), British Petroleum’s Deepwater Horizon oil rig explosion (Wang et al. 2018), or the

Rana Plaza factory collapse (Liu et al. 2019, Jacobs and Singhal 2017). Inspired by such

incidents, many OSCM researchers have turned their attention to organizational behavior

that leads to severe negative consequences for individuals, organizations, and society such

as health risks, environmental damage, human rights violations, and financial losses. I refer

to this behavior as “organizational misconduct” (or just “misconduct”).

Organizational misconduct, broadly speaking, is any behavior in or by an organization

that a control agent deems to contravene laws, industry or professional codes, organizational

policies, social norms, or ethical principles (Greve et al. 2010). Although OSCM scholars

have yet to widely adopt this conceptualization (c.f., Kistler et al. 2024, Skilton and

Bernardes 2022), several established research streams within the field examine specific
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misconduct-related phenomena in isolation. For instance, research has looked into

environmental violations (Hardcopf et al. 2021, Mani and Muthulingam 2019, Lo et al.

2018), delayed product recalls (Darby et al. 2023, Ball et al. 2018a), misrepresentation of

product specifications (Belavina et al. 2020), and workplace safety failures that result in

employee injuries (Pagell et al. 2020, Liu et al. 2019). Despite their value, these studies

frequently lack a unified framework, which makes it more difficult to combine their findings

and create comprehensive misconduct prevention strategies.

Other disciplines—including sociology, management, and organizational theory—have

taken a more unified approach to studying misconduct. Their work culminates in several

review articles that offer insights into the causes and consequences of misconduct (e.g.,

Vaughan 1999, Tenbrunsel and Smith-Crowe 2008, Greve et al. 2010, Palmer 2012, Palmer

et al. 2016b, Hersel et al. 2019, Epstein and Hanson 2021, Anand et al. 2023). Yet,

despite this growing academic understanding, regulatory scrutiny, and public awareness,

firms continue to engage in misconduct. This persistence emphasizes the need for a

more comprehensive understanding of misconduct’s causes, consequences, and prevention

strategies (Anand et al. 2023, Palmer 2012).

To help prevent organizational misconduct, my dissertation examines misconduct

in three distinct contexts: informed trading during the medical device recall process,

environmental injustice in U.S. manufacturing, and hygiene violations by restaurants.

Building on the aforementioned organizational misconduct literature, my essays address

two fundamental research questions: (1) Why does organizational misconduct occur in

different operational contexts? and (2) How can it be effectively prevented or mitigated?

While each context differs in the type of misconduct, they reveal common mechanisms that

can help prevent misconduct, allowing for a broader understanding of how regulators and

firms can prevent such behavior.



3

1.2 Dissertation Overview

In my dissertation, titled Preventing Organizational Misconduct - An Operations

Management Perspective, I first provide a definition of organizational misconduct that

aggregates diverse operations management concepts and present a conceptual framework

that captures the causes, consequences, and prevention strategies of misconduct (Chapter 2).

I then identify misconduct prevention strategies and evaluate their effectiveness in three

contexts. In my first essay (Chapter 3), I investigate informed trading by CEOs during

product recall decisions and propose how to prevent such behavior. My second essay

(Chapter 4) examines whether Chief Sustainability Officer appointments can reduce

environmental injustice, a violation of social norms. In my third essay (Chapter 5), I study

how regulators can leverage machine learning to optimize inspection programs to prevent

restaurant hygiene violations.

Essay I

In my first essay titled “Product Recall Decisions and the CEO: Informed Trading

in the Medical Device Industry,” I investigate misconduct in the medical device product

recall process. Specifically, I study whether CEOs engage in informed trading, which refers

to selling shares based on private information for personal gain. It is illegal. The recall

process provides an opportunity for such behavior because firms learn about a product

defect long before they initiate the recall. CEOs, who know about most upcoming recall

decisions, might exploit the opportunity by selling their shares before the market reacts to

the recall news.

To test whether CEOs exploit this opportunity, I combine data on recalls, customer

complaints, firm finances, stock prices, and executive stock trades for publicly traded U.S.

medical device manufacturers (2003–2020). My analysis shows that CEOs increase stock

sales during the recall decision process, but only for severe recalls without prior complaints.
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Doing so helps them avoid financial losses of up to 20%. This presents novel evidence

of illegal informed trading in an operational context. The results suggest that closer

collaboration between the Food and Drug Administration (FDA) and the Security and

Exchange Commission (SEC) is key to detecting and preventing such behavior.

Essay II

In my second essay titled “Chief Sustainability Officers and Environmental

Injustice: An Empirical Evaluation,” I study the relationship between Chief

Sustainability Officer (CSO) appointments and environmental injustice. Environmental

injustice occurs when manufacturing facilities in low-income, Black neighborhoods

(underserved communities) have higher toxic releases than those in wealthy, white

neighborhoods. This results in disproportionate health risks for the underserved

communities. I investigate whether appointing a CSO reduces such injustice. Drawing

on the attention-based view and operations frontier theory, I hypothesize that facilities,

especially those in underserved communities, reduce their toxic releases following CSO

appointments.

To test this, I compile data on facility-level toxic releases, CSO appointments, and

facility neighborhood demographic information. I compare the toxic releases of 165 firms

that appointed a CSO between 2000 and 2020 with those of 433 firms that did not. A

difference-in-differences analysis with matching shows that appointing a CSO correlates with

a 12% reduction in toxic releases, driven primarily by facilities in underserved communities.

This reduces environmental injustice. These findings highlight the effectiveness of CSO

appointments as a new mechanism for addressing environmental injustice, which regulators

have struggled to reduce since the 1980s.
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Essay III

In my third essay titled “Improving Inspection Resource Allocation to Control

Organizational Misconduct,” I explore how regulators can use machine learning to

optimize the allocation of restaurant hygiene inspection resources. Hygiene violations

are a well-established form of misconduct with tangible social costs, including foodborne

illnesses and deaths. Inspections by health departments are essential for maintaining hygiene

standards, but limited resources constrain their frequency. I study whether incorporating

misconduct predictions from machine learning can improve inspection resource allocation

and how it affects the effectiveness of inspection programs.

To examine this, I model hygiene violations as an interactive partially observable Markov

process based on the understanding that misconduct may result from decay in adherence

to operational routines. I then derive an optimal inspection resource allocation policy that

incorporates machine learning predictions. Finally, I validate the model using simulations

based on Yelp reviews and inspection data from over 2,000 Las Vegas restaurants from

2012 to 2019. The findings demonstrate how machine learning can improve inspection

program efficiency and prevent misconduct, a novel approach in the context of regulatory

interventions.

1.3 Outlook

The next chapter introduces the concept of organizational misconduct in an OSCM

context. Chapters 3, 4, and 5 cover essays I, II, and III, respectively. The last chapter

summarizes important findings and discusses the dissertation’s implications for OSCM

research, management practices, and policymaking.



Chapter 2

The Causes, Consequences, and

Prevention of Misconduct

2.1 Introduction

Before exploring the occurrence and prevention of organizational misconduct in the context

of medical device recalls, environmental injustice, and restaurant hygiene violations, this

chapter introduces the concept of organizational misconduct and its connection to existing

OSCM phenomena. In doing so, I make the following three contributions:

First, I highlight that what may seem like isolated phenomena in the OSCM literature

are, in fact, different forms of organizational misconduct. This implies that the same

theoretical foundations can explain their causes or consequences and that the same

mechanisms can help in their prevention. Recognizing these connections helps advance

OSCM research, because it allows resarchers to build on existing findings rather than

addressing related issues in isolation. Consider, for instance, how competition contributes

to misconduct. Theory suggests that competition creates resource scarcity and performance

strain, which increases the risk of organizational misconduct (Vaughan 1999, Greve et al.

2010). Empirical findings support this hypothesis in various contexts, such as product safety

6
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issues (Ball et al. 2018a, Lam et al. 2022), fraudulent emissions testing (Bennett et al.

2013), opioid oversupply (Skilton and Bernardes 2022), and automaker non-compliance

with emissions standards (Hu et al. 2021). Thus, the relationship between competition and

misconduct is well established. At the same time, less is known about how competition

affects the corrective actions that firms choose after misconduct (Hersel et al. 2019), which

is something that OSCM research on recall decisions (e.g., Darby et al. 2023, Mukherjee

et al. 2022) could help address. Thus, by recognizing misconduct as a unifying construct

to various OSCM phenomena, OSCM researchers can take advantage of existing findings

(without “reinventing the wheel”) and find novel and meaningful research opportunities

(Cachon 2012, Oxley et al. 2010).

Second, I create a conceptual framework that combines insights from OSCM with

organizational misconduct research, providing a structured approach to examining

misconduct through an OSCM lens. Even though research on misconduct is common in

adjacent fields, existing OSCM studies often lack a coherent framework to systematically

analyze its causes, consequences, and prevention strategies. The framework provides

researchers with guidelines to study misconduct more comprehensively by synthesizing

key insights from multiple literature streams. It provides a foundation for formulating

more precise research questions, identifying relevant variables, and structuring empirical

analyses. In doing so, I aim to give OSCM scholars the resources they need to make a

significant contribution to the broader field of organizational misconduct research.

Third, I list important directions for future OSCM research on organizational

misconduct. These research opportunities directly inform the three essays of my

dissertation, each of which explores a different type of misconduct.

The remainder of this chapter is organized as follows: Section 2.2 defines organizational

misconduct and its key components. Section 2.3 presents the conceptual framework, and

Section 2.4 discusses future research opportunities.
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2.2 Defining Organizational Misconduct

While OSCM researchers have begun examining undesirable behavior in organizations,

their studies focus on distinct phenomena such as product safety issues, vehicle emissions

non-compliance, and OSHA safety violations (see Table A.1 in the Appendix). Analyzing

these phenomena reveals a common theme: all studies concern actions by organizations that

harm (or potentially harm) stakeholders and are identified by regulators, media, buyers

in the supply chain, or researchers. Each study contributes to this general definition

by specifying: i) the harmed stakeholder, ii) the nature of harm inflicted, and iii) the

entity responsible for determining the behavior as harmful. For instance, Wiengarten et al.

(2017a) examine workplace safety violations that harm employees, where the violations are

identified by OSHA inspectors. Scott et al. (2021) investigate road safety violations by

truck drivers that harm other drivers, where the violations are identified by the FMCSA.

Skilton and Bernardes (2022) and Attari et al. (2024) study opioid oversupply harming

users or society, where the oversupply is identified by the researchers. These studies offer

important insights. Yet they do not form a coherent body of work, even though they define

undesirable behavior similar. I propose consolidating these concepts into a higher-order

construct of organizational misconduct to increase their impact.

Sociology, Management, and Organizational Theory scholars have long used the concept

of organizational misconduct to aggregate findings across various contexts (e.g., Greve et al.

2010, Hersel et al. 2019). Drawing on their work (see Table A.2), I propose the following

definition of organizational misconduct in OSCM: behavior in or by an organization that

contravenes a line separating right from wrong; where such a line can be defined by laws,

industry and professional codes, organizational rules, social norms, or ethical principles.

Whether behavior contravenes a line, in turn, can be judged by a control agent or the

researcher.1

1I thank participants of the Professional Development Workshop “Organizational Misconduct: Developing
an Operations Management-Based Research Agenda” at the 2023 Academy of Management conference for
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This definition has four key components. First, contravening behavior includes not only

intentional or malicious acts but also unintended adverse outcomes of well-intended actions

(Vaughan 1999), lack of moral awareness (Tenbrunsel and Smith-Crowe 2008), or accidents

(Greve et al. 2010). The judgment of a control agent or researcher is crucial. Control

agents represent collectives (e.g., international bodies, states, professional associations) and

can impose sanctions (Greve et al. 2010). In OSCM, buyers may act as de facto control

agents, judging supplier behavior against a Supplier Code of Conduct (Jiang 2009) and

imposing sanctions (Caro et al. 2018, Porteous et al. 2015). Other prominent control agents

in OSCM include the FDA (Ball et al. 2017), OSHA (Wiengarten et al. 2017a), EPA

(Muthulingam et al. 2022), and the media (Kim and Wagner 2021, Hardcopf et al. 2021).

However, their judgments can be biased or limited (Greve et al. 2010) due to for example

political pressures (Heitz et al. 2021) or inspection schedules (Ibanez and Toffel 2020, Ball

et al. 2017, Short et al. 2016). Acknowledging these biases helps researchers understand the

complex dynamics of organizational misconduct and the role of control agents in identifying

and responding to it (Greve et al. 2010).

Second, I explicitly consider organizational misconduct as judged by control agents

or researchers. Relying on control agents’ judgments has emerged as the dominant

perspective in the broader misconduct literature because it eliminates ambiguity and makes

the definition empirical (Greve et al. 2010). OSCM research that follows this approach

often relies on data of violations, citations, newspaper articles, or penalties to measure

the occurrence of misconduct (e.g., Hardcopf et al. 2021, Scott et al. 2021, Wiengarten

et al. 2017a). This approach, however, only allows researchers to consider instances of

misconduct that a control agent identified. In contrast, identifying misconduct based

on a researcher-defined standard is subjective but enables the exploration of unreported

instances of misconduct. While rare in the broader misconduct literature, this approach

is common in the OSCM literature (e.g., Attari et al. 2024, Skilton and Bernardes 2022,

their input regarding this definition.
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Hu et al. 2021, Chang et al. 2021, Bennett et al. 2013, Pierce and Snyder 2008). While

the empirical strategies vary, the basic approach can be described using a concept familiar

to most OSCM scholars from undergraduate teaching: statistical process control charts.

Researchers first use regulations or the available data to establish normal behavior (e.g.,

the expected emission test pass rate based on available vehicle and test characteristics).

Then they compare the actual behavior (e.g., the actual emission test pass rate) against

control limits established by the normal behavior to identify statistical outliers that hint

at the presence of misconduct. I take this approach in my first essay (Chapter 3), where I

identify the presence of informed trading based on statistically significant changes to CEO

trading activity during the product recall process.

Third, the definition does not restrict misconduct to particular stakeholders or harm

thresholds. Misconduct includes any behavior that harms or potentially harms stakeholders

(Hersel et al. 2019), such as employees (Pagell et al. 2020), consumers (Wowak and Boone

2015), investors (Belavina et al. 2020), society (Steurer et al. 2005), buyers (Liu et al. 2019),

competitors (Kim and Wagner 2021), governments (Karpoff et al. 1999), or the environment

(Hardcopf et al. 2021). I do not limit misconduct to behavior that causes harm because

the extent of harm can be outside the actor’s control (Vaughan 1999) and because control

agents frequently penalize organizations for organizational misconduct before harm occurs

(e.g., Muthulingam et al. 2022, Ball et al. 2017, Gawande and Bohara 2005).

Lastly, in or by organizations refers to behavior by individuals or groups of individuals,

acting in their organizational roles (Vaughan 1999). For example, a CEO who illegally

demonstrates inside the Capitol in their free time (Romero 2021) is not committing

misconduct. On the other hand, a CEO who illegally sells stock based on private information

comits misconduct because they obtained the information in their organizational role

and certain organizational prevention strategies, such as blackout periods, whistleblower

protection programs, internal audits, or robust corporate governance structures, must have

failed for the behavior to occur.
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2.3 A Process Model to Organizational Misconduct

While existing OSCM research is clustered by the type of misconduct, I propose a

framework based on the four stages of organizational misconduct: Causes, Corrective

Actions, Consequences, and Prevention. Figure 2.1 illustrates the relationship between

these stages.

Figure 2.1: A Process Model of Organizational Misconduct

Misconduct arises from an interplay between misconduct-causing factors and ineffective

prevention strategies. First, factors that explain why individuals or groups of individuals

engage in misconduct must be present. These causes include characteristics of the

organization and environment that create pressure, opportunity, and predisposition for

misconduct (Schnatterly et al. 2018, Vaughan 1999, Baucus 1994).

To illustrate these three categories, consider the case of fraudulent emission testing

(Bennett et al. 2013, Pierce and Snyder 2008). In fraudulent emission testing, testing centers

facing intense competition feel pressure to pass vehicles (Bennett et al. 2013). However,

this pressure alone does not lead to fraud; the opportunity, such as easier manipulation of

older car tests, must also exist Bennett et al. (2013). Additionally, an organizational culture

that normalizes misconduct predisposes workers to engage in such behavior, creating a

situation in which independent inspectors “adjust the rate at which they pass vehicles to
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the norms of those with whom they work” (Pierce and Snyder 2008).

However, these causes are necessary but not individually sufficient for organizational

misconduct to occur. Instead, the occurrence of misconduct is contingent on a lack of

effective prevention strategies (McKendall et al. 2002, Baucus 1994, Finney and Lesieur

1982). These strategies can either be regulatory interventions, such as inspection programs

aimed at deterring misconduct by increasing the likelihood of detection (Gawande and

Bohara 2005), or governance reforms, such as self-imposed blackout periods to prevent

insider trading (Blackburne et al. 2021).

In the event of misconduct being discovered, firms have the opportunity to mitigate

adverse outcomes through a range of corrective measures, including executive dismissals,

organizational adjustments, policy reforms, and product recalls (Hersel, 2019). These

actions can moderate or mediate the impact of misconduct. For instance, product recalls,

a common corrective action for safety issues (Wowak et al. 2015), mediate negative

consequences. It is often the recall, rather than the safety issue itself, that triggers a

negative stock market reaction (Darby et al. 2023). Thus, the corrective action plays a

critical role in shaping the consequences.

2.3.1 Theoretical Foundations

Before analyzing the different phases of misconduct in OSCM, it is essential to establish

the theoretical underpinnings that inform this research. Table 2.1 synthesizes key theories

used to examine misconduct, outlining their core principles, relevance to different phases

of misconduct, and existing applications in OSCM research. While not exhaustive, this

compilation captures the most widely cited theoretical perspectives in misconduct research.

Table 2.1 illustrates the diversity of theoretical approaches used to conceptualize

misconduct. Some theories, such as rational choice theory and ethical decision theory,

emphasize individual decision-making processes and the cognitive mechanisms underlying

misconduct. Others, such as agency theory and strain theory, highlight structural and
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incentive misalignment that create opportunities and pressure for misconduct. Meanwhile,

perspectives like network theory and institutional theory underscore the role of social,

regulatory, and organizational environments in shaping both misconduct and responses to it.

The multitude of theories highlights the multitude of perspectives in how researchers frame

misconduct—as a rational deviation from expectation, an outcome of systemic pressures,

or a socially embedded phenomenon (Anand et al. 2023, Palmer 2012).

Integrating these theoretical lenses into OSCM research offers an opportunity for a

more comprehensive understanding of misconduct. While theories such as agency theory

and attribution theory have been extensively applied in the OSCM literature (e.g., Scott

et al. 2021, Steven et al. 2014, Kim and Wagner 2021), others, such as labeling theory or

conflict theory, remain underexplored despite their potential to highlight how firms and

stakeholders interpret, respond to, and recover from misconduct.

The following sections will build on these theoretical foundations to examine the causes

of misconduct, its organizational and market-level consequences, and the mechanisms to

prevent and mitigate it.

2.3.2 Causes

Efforts to understand the causes of misconduct can be broadly categorized into two

perspectives (Palmer 2012, Baucus and Near 1991): a dominant perspective, which

assumes that misconduct is intentional and stems from rational decision-making, and an

alternative perspective, which considers misconduct as potentially unintentional, arising

from bounded rationality and contextual influences.

The dominant perspective is rooted in economic and decision-theoretic frameworks that

conceptualize misconduct as a deliberate choice driven by incentives and constraints. This

view is found in theories such as agency theory (Jensen and Meckling 1976) or rational choice

theory (Arrow 1963) and reflected in models such as the fraud triangle (e.g., Schnatterly

et al. 2018) and variations of the Motive, Means/Ability, Opportunity (MMO or MOA)
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framework (e.g., Pendse 2012, McKendall and Wagner III 1997). The fraud triangle posits

that misconduct arises when individuals face pressure or need, perceive an opportunity

to act unethically, and can rationalize their behavior (Schnatterly et al. 2018). In the

OSCM context, this framework has been applied to examine product safety violations and

recall decisions (DuHadway and Narasimhan 2021). Similarly, the MMO/MOA framework

suggests that misconduct occurs when an actor is motivated by external pressures, possesses

the means to engage in misconduct due to weak oversight, and perceives an opportunity

to act without detection (Pendse 2012). In OSCM research, this framework has been used

to study intentional violations of road safety regulations (Scott and Nyaga 2019). The

dominant perspective also underlies many analytical models designed to optimize audit and

inspection mechanisms aimed at deterring misconduct (e.g., Levi et al. 2020, Caro et al.

2018, Plambeck and Taylor 2016).

While the dominant perspective provides valuable insights into misconduct, its primary

limitation is its inability to account for unintentional misconduct (Palmer 2012, Baucus

and Near 1991). This shortcoming is particularly relevant given my definition of

misconduct (Section 2.2), which explicitly includes unintended adverse outcomes resulting

from well-intended actions (Vaughan 1999), failures in moral awareness (Tenbrunsel and

Smith-Crowe 2008), and accidents arising from systemic complexities (Greve et al. 2010).

The alternative perspective addresses these cases by acknowledging that misconduct

can emerge not only from deliberate wrongdoing but also from cognitive limitations,

organizational pressures, and social influences (Palmer 2012). It is supported by theories

such as ethical decisions Tenbrunsel and Smith-Crowe (2008), network (Greve et al. 2010),

or labeling (Becker 1963, Lemert 1951).

From this alternative viewpoint, actors do not necessarily develop a conscious preference

for misconduct before engaging in it (Tenbrunsel and Smith-Crowe 2008). Instead, they

may slip into unethical behavior due to bounded rationality (Simon 1955), mindless

decision-making, or social normalization of deviance (Palmer 2012). One framework
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aligned with this perspective is the Pressure-Opportunity-Predisposition model proposed

by Baucus (1994), which extends traditional explanations by integrating both intentional

and unintentional pathways to misconduct.

Pressure arises when firms or individuals face urgent demands or constraints that compel

them to act, often without full consideration of ethical implications (Greve et al. 2010,

Baucus 1994). This pressure may stem from financial struggles, competitive intensity,

or performance expectations (Greve et al. 2010). Opportunity refers to structural and

environmental conditions that enable or fail to prevent misconduct (Baucus 1994). These

conditions create the capacity for wrongdoing by reducing oversight, limiting accountability,

or facilitating illicit actions through organizational complexity (Vaughan 1999, Baucus

1994). For example, regulatory gaps and weak enforcement, as well as firm size and

supply chain complexity, can create opportunities for misconduct (Attari et al. 2024).

Predisposition reflects organizational characteristics that shape the likelihood of engaging in

misconduct, whether intentional or unintentional (Baucus 1994). It encompasses corporate

culture, norms, and structural arrangements that can either encourage or inadvertently

facilitate wrongdoing (Palmer 2012, Baucus 1994). For example, cultures of secrecy, the

diffusion of responsibility across multiple roles, or the normalization of rule-bending in

pursuit of efficiency can make misconduct more likely—even among employees who do not

actively seek to break rules (Palmer 2012).

In my work, I predominantly adopt this alternative perspective. Thus, rather

than viewing misconduct as an ethical lapse or managerial outlier, I conceptualize

it as a process embedded in day-to-day operational decisions, routines, and incentive

structures. Below, I systematically examine the causes of misconduct using the

Pressure-Opportunity-Predisposition framework based on two key sources of influence

(Anand et al. 2023, Schnatterly et al. 2018, Vaughan 1999, Baucus 1994): organizational

characteristics (e.g., structure, processes, tasks, culture) and environmental characteristics

(e.g., shareholder pressure, competition, regulatory constraints). This approach enables



20

a more comprehensive understanding of how internal and external factors jointly shape

misconduct.

Figure 2.2: The Causes of Organizational Misconduct in the OSCM Literature

Notes. Pressure arises when firms or individuals face urgent demands or constraints that compel them to
act. Opportunity refers to structural and environmental conditions that enable or fail to prevent misconduct.
Predisposition reflects organizational characteristics that shape the likelihood of engaging in misconduct,
whether intentional or unintentional.

Organizational (Internal) Factors

Pressure or Need

A lack of slack resources imposes constraints that generate pressure on organizations,

thereby increasing the risk of misconduct (Baucus 1994). Empirical OSCM research

suggests that reductions in operational slack can lead to regulatory violations. For instance,

Wiengarten et al. (2017a) demonstrate that firms with fewer reserved inventory days have

greater rates of OSHA violations.

High operational utilization, like few slack resources, can put pressure on organizations
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and increase the likelihood of misconduct. Firms often need to speed up work under such

conditions, which raises the risk of both intentional non-compliance and inadvertent errors

(Perrow 1984). Supporting this claim, Shah et al. (2017) find that higher utilization rates

in automotive manufacturing plants correlate with increased product safety violations and

subsequent recalls.

Incentive structures within firms also influence the extent to which individuals

experience pressure to engage in misconduct. Compensation schemes that link earnings

to performance targets can create strong incentives for rule-breaking behaviors (Palmer

2012). According to Scott and Nyaga (2019), truck drivers are more likely to exceed

legally mandated work-hour limits if their incentive to do so increases. This effect is most

noticeable among drivers who own their vehicles, as the financial burden of asset ownership

increases their performance pressures. This suggests that asset intensity itself may be an

organizational factor contributing to misconduct.

Opportunity

Complexity within an organization can create opportunities for misconduct by preventing

effective oversight and control. The management of multiple product lines, complex

operational processes, and decentralized decision-making systems increases the misconduct

risk. Empirical studies support this claim. For example, Shah et al. (2017) find that

product variety within firms is associated with higher rates of product safety violations.

Similarly, Wolf (2001) shows that more complex refinery operations have much higher rates

of accidental hazardous chemical releases.

Beyond internal complexity, supplier network characteristics also shape the

opportunities for misconduct. The dispersion of supply chains—measured by the extent

to which firms source products from geographically distributed suppliers—can provide

opportunities for misconduct. According to Levi et al. (2020), greater supply chain

dispersion correlates with increased instances of food adulteration. Similarly, Attari et al.
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(2024), illustrate how the vertical and horizontal complexity of pharmaceutical supply

chains allowed pharmacies to evade Drug Enforcement Administration (DEA) scrutiny while

oversupplying opioids.

Sourcing decisions further influence misconduct opportunities. Firms that offshore

production or outsource manufacturing to third-party suppliers face higher risks of

compliance failures. According to Steven et al. (2014), such strategic sourcing choices are

associated with an increased likelihood of product safety violations.

Predisposition

Formal and informal norms have a considerable impact on employee actions, particularly

their inclination to engage in misconduct. When unethical practices become embedded

within organizational routines, they can persist and spread across different operational

contexts. Pierce and Snyder (2008) find that automotive emissions inspectors working at

multiple testing facilities adjust their pass rates based on local facility norms. This suggests

that compliance behaviors are shaped by socialized expectations rather than universal

regulatory standards. Similarly, Mohliver and Ody-Brasier (2023) find that personnel of

religious nursing homes are less likely to report non-compliance, resulting in worsening

violations before detection.

The availability and efficacy of internal reporting channels also influence the

predisposition toward misconduct. Robust whistleblower protections and accessible

reporting channels facilitate early intervention, reducing the likelihood of small violations

escalating into larger issues. Tucker (2016) shows that in healthcare settings, employees

are more likely to engage in policy–non-compliant workarounds when policy-compliant

workarounds are difficult and they lack direct access to process owners. Similarly, Bakshi

and Peura (2022) find that near-miss reporting systems reduce misconduct risks by

encouraging early detection and repair of issues.
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Environmental (External) Factors

Pressure or Need

Competitive intensity can increase the pressure or need to engage in misconduct. Firms

operating in highly competitive markets may face short-term performance pressures that

encourage rule-breaking in order to maintain profitability. Empirical studies demonstrate

that geographically close competition correlates with increased instances of unethical

behavior in brick-and-mortar outlets. For example, Skilton and Bernardes (2022) find that

increased competition among pharmacies led to an oversupply of opioids, while Bennett

et al. (2013) show that emissions testing facilities operating in competitive environments

have higher rates of emission-test fraud. Similar trends can be observed across industries,

with competition linked to increased product safety issues and recalls in the medical device

industry (Ball et al. 2018b).

Environmental dynamism also puts strain on organizations, leading to increased pressure

to engage in misconduct. Firms operating in highly dynamic markets face uncertainties that

encourage risk-taking, including regulatory evasion and ethical violations, as strategies to

maintain operational stability (Wiengarten et al. 2017a).

Regulatory tightening of standards is another environmental source of pressure that

may drive firms toward non-compliance. Stricter legal requirements increase the financial

and operational burdens on firms, which can lead to misconduct. Hu et al. (2021)

demonstrate that the implementation of stricter emissions standards in the automotive

industry led to more product non-compliance. Notably, the effect was stronger for firms

that also faced intense competition, highlighting how various kinds of pressure can interact

to increase misconduct risk.

Opportunity

The presence of trust-based control mechanisms within an industry can create environments
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conducive to misconduct. When firms rely on relational governance rather than stringent

enforcement mechanisms, the potential for wrongdoing increases. DuHadway and

Narasimhan (2021) argue that in the automotive sector, some recalls result from firms

exploiting quality assurance processes that depend on trust-based norms. In such cases,

firms circumvent oversight mechanisms, falsify data, or intentionally subvert established

controls.

Regulatory enforcement also has a significant impact on misconduct opportunities.

The absence of effective monitoring and prevention strategies allows firms to engage in

unethical behavior with minimal risk of detection or punishment (McKendall et al. 2002).

Supporting this argument, Hu et al. (2021) find that in contexts where regulatory oversight

is weak, tightening emissions standards increases automakers’ non-compliance. Similarly,

Bennett et al. (2013) demonstrate that emissions testing facilities are more likely to cheat

when assessing older vehicles, which are subject to less rigorous emission test regulations.

Predisposition

Baucus (1994) identifies three environmental factors that affect the predisposition of firms

to engage in misconduct: mature industry environment, prevalence of illegality in industry,

and long/established relationships with regulatory agencies. However, research within the

OSCM domain exploring these factors is sparse. A notable exception is work by Hu et al.

(2021), who argue that the perceived legitimacy of regulations affects the likelihood of

compliance.

2.3.3 Corrective Actions and Consequences

Hersel et al. (2019) provide a detailed review of the corrective actions and consequences

following misconduct. Because the focus of this dissertation is on leveraging an

understanding of the causes of misconduct to evaluate prevention strategies, I omit a detailed

account of these post-misconduct processes and refer the interested reader to their review.
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2.3.4 Prevention

Effective prevention strategies are essential for curbing the spread of misconduct (McKendall

et al. 2002). While scholars of organizational misconduct have extensively examined its

causes and consequences, there remains a notable gap in evidence-based mechanisms to

prevent it (Anand et al. 2023, Palmer et al. 2016a, Greve et al. 2010). In contrast, the

(analytical) OSCM literature provides a rich foundation for understanding and mitigating

supply chain misconduct. This body of work offers valuable insights that can be leveraged

to design and empirically test prevention strategies for organizational misconduct more

broadly. As such, prevention represents a key avenue where OSCM scholars can contribute

meaningfully to the organizational misconduct literature.

The existing OSCM literature identifies several mechanisms for curbing the spread of

misconduct (see Table 2.2). I categorize these mechanisms along two dimensions. First,

I assess whether they target internal or external factors causing misconduct. Second, I

classify them based on their locus of control, distinguishing between organization-driven

measures (i.e., governance reforms) and interventions led by external entities (i.e., regulatory

interventions) (Finney and Lesieur 1982).

While the root causes of misconduct are complex, most regulatory interventions aim at

reducing external factors contributing to misconduct. Often by reducing the opportunities

for misconduct by increasing detection likelihood (e.g., inspections, machine learning

predictions). Although this approach offers certain advantages, it also presents limitations

that warrant further exploration.

Increasing the detection likelihood is effective for preventing misconduct driven by

rational choice. By raising the probability of detection, these mechanisms make misconduct

less appealing due to the higher expected costs (Palmer 2012, McKendall et al. 2002).

For instance, Scott et al. (2021) show that electronic logging devices, which automatically

record truck drivers’ hours, reduce federal work rule violations. These devices increase the
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likelihood of uncovering violations, thereby raising the expected costs of misconduct and

altering the cost-benefit analysis to favor compliance. Thus, if misconduct is the result of

a rational choice between compliance and non-compliance, then increasing the detection

likelihood is an effective prevention mechanism.

However, these mechanisms can be costly, making it necessary to accept some level of

misconduct. For example, restaurant hygiene inspections aim to mitigate public health risks

by penalizing severe violations (Ibanez and Toffel 2020). Continuous monitoring by unbiased

inspectors would be ideal but is too costly and impractical. Consequently, regulators accept

that some restaurants will violate hygiene regulations and focus on limiting the damage

through periodic inspections (Mejia et al. 2019).

Another—often cheaper—prevention mechanism is to eliminate opportunities for

misconduct through changes in routines, processes, structures, or rules. This involves

identifying parts of an organization’s system that enable misconduct and altering them. For

example, Belavina et al. (2020) identified that the all-or-nothing payment mechanism on

most crowdfunding platforms allows for ‘funds misappropriation’ and ‘performance opacity’.

They proposed a deferred payment strategy to prevent these issues, demonstrating that

eliminating misconduct opportunities can be effective without the high costs of increasing

detection likelihood.

Despite their benefits, detection likelihood–increasing and opportunity-elimination

mechanisms are susceptible to offense displacement or hiding efforts. Offense displacement

occurs when actors shift their misconduct rather than stop it (Guerette and Bowers 2009).

For instance, after implementing electronic logging devices, truck drivers found other ways

to violate safe driving regulations, such as speeding or ignoring traffic signals, to deliver

more goods and increase earnings (Scott et al. 2021). This displacement arises because such

mechanisms do not address the underlying predisposition to misconduct or the pressures

that drive it. Hiding efforts occur when actors increase their efforts to mask wrongful

behavior in response to detection attempts. For instance, Plambeck and Taylor (2016) show
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that under certain conditions, suppliers respond to increased auditing efforts by exerting

greater effort to hide information from the auditors instead of trying to reduce the occurrence

of violations.

Less attention has been paid to governance reforms addressing internal factors

contributing to misconduct. My second essay (Chapter 4) explores this mechanism in the

context of environmental injustice. I argue that appointing a Chief Sustainability Officer

raises awareness of environmental issues within the organization, reducing the likelihood

of unintentionally disadvantaging communities of color, which decreases environmental

injustice.

2.4 Research Opportunities

Building on the insights from the previous section, this section outlines how my dissertation

essays fit within the domain of organizational misconduct.2

2.4.1 Leveraging Corrective Actions for Personal Gain

In their exploration of misconduct corrective actions and consequences, Hersel et al. (2019)

conceptualize product recalls as a key corrective action in response to product safety issues.

They argue that decision-makers weigh both stakeholder harm and firm-level consequences

when determining how and when to respond to misconduct. This aligns with findings

from the product recall literature: recall decision-makers assess patient harm alongside

recall-related costs (Ball et al. 2018a), and individual characteristics, such as gender or

tenure, influence recall timing and likelihood (Mayo et al. 2022, Wowak et al. 2021).

However, recall decision-makers may also face a moral hazard when initiating corrective

actions—their personal incentives may conflict with firm and stakeholder interests. For

example, Darby et al. (2023) show that CEO stock ownership influences recall decisions,

2See Chapter 6 for additional research opportunities.
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with firms being slower to recall products when their CEOs hold high equity stakes. At

the same time, research in accounting suggests that executives are predisposed to engage

in misconduct. Specifically, they sometimes exploit insider knowledge about corporate

processes for personal financial gain (Arif et al. 2022, Blackburne et al. 2021, Huddart et al.

2007). This raises the possibility that top management team members involved in recall

decision-making could exploit the opportunity provided by their involvement by engaging

in informed trading to profit from non-public recall information. This raises the following

high-level research question: Do top management teams leverage corrective action timing

for personal financial gain?

Preventing such misconduct is particularly challenging because it requires coordination

between different regulatory bodies. In the U.S., the FDA oversees product safety and

recall processes, while the SEC is responsible for monitoring and prosecuting illicit financial

activities, including insider trading. However, these agencies operate independently and do

not systematically share data, making it difficult to detect and prevent misconduct that

spans both domains. In my first essay (Chapter 3), I examine whether CEOs engage in

informed trading during the medical device product recall process. After establishing the

likely presence of such behavior, I propose potential policy interventions, including improved

cross-agency collaboration between the FDA and SEC, to mitigate this form of misconduct.

2.4.2 Optimizing Resource Allocation for Misconduct Prevention

Beyond challenges in awareness and data sharing, control agents still face a critical challenge

even when misconduct is well-documented and data is abundant: how should they allocate

their resources most effectively to prevent misconduct? OSCM research has used analytical

models to study misconduct prvention in areas such as supplier sustainability violations

(Huang et al. 2022, Caro et al. 2018) and fund misappropriation on crowdfunding platforms

(Belavina et al. 2020). These studies often assume that the misconduct control agents seek

to prevent is intentional. However, as highlighted in Section 2.3, misconduct frequently



31

emerges not from deliberate wrongdoing but from a gradual erosion of routine adherence.

A promising research direction involves modeling prevention strategies based on the

“decay in routine adherence” explanation for misconduct (Mohliver 2019, Anand et al. 2012,

Vaughan 1999). This perspective suggests that organizations may benefit from designing

interventions that reinforce compliance habits rather than simply penalizing violations.

Another crucial research question relates to how control agents can best utilize their data

to detect misconduct early and improve their inspection programs (Johnson et al. 2023,

Campbell and Shang 2022, Mejia et al. 2019). Integrating these two perspectives leads to

the following high-level research question: How can control agents optimize the allocation

of inspection resources to prevent misconduct effectively?

I explore this question in my third essay (Chapter 5), in which I examine how health

departments can leverage machine learning predictions about restaurant hygiene violations

to optimize their inspection strategies.

2.4.3 Governance Reforms as a Misconduct Prevention Mechanism

The first two research questions focus on regulatory interventions, such as SEC

enforcement actions and health department inspections. However, Table 2.2 highlights

another key approach: governance reforms, in which firms implement internal policies

to prevent misconduct. While much of OSCM research has focused on external

regulatory interventions, governance reforms remain an underexplored yet promising

avenue—especially in cases where regulatory interventions have proven ineffective or too

costly. This prompts the question: Can firm governance reforms be an effective mechanism

to prevent misconduct in situations where regulatory interventions are costly/have failed?

For example, regulators have attempted to address environmental injustice—the

disproportionate impact of pollution on marginalized communities—since the 1990s, but

with limited success (Geltman et al. 2016, Mohai et al. 2009, O’Neil 2007). Given

these setbacks, corporate governance reforms—such as appointing a Chief Sustainability
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Officer (CSO)—may offer a viable alternative for improving environmental outcomes. This

raises an important empirical question: “Do Chief Sustainability Officers (CSOs) reduce

environmental injustice in toxic releases?” I explore this question in my second essay

(Chapter 4), where I assess whether firms that adopt CSO positions demonstrate measurable

improvements in their environmental performance and contribute to environmental justice.



Chapter 3

Product Recall Decisions and the

CEO: Informed Trading in the

Medical Device Industry

3.1 Introduction

Medical device manufacturers frequently recall faulty medical devices to protect consumers

(FDA 2020). In the United States, the Food and Drug Administration (FDA) provides recall

decision-making guidance for firms but leaves the actual recall decision to firm leadership

(Ball et al. 2018a). Consequently, it is not uncommon that even when the defects underlying

the recall are severe, recalls are initiated after periods of significant deliberation within the

firm, at times resulting in consumer harm or even death during this decision-making time

window (Darby et al. 2023, Sengupta et al. 2020). Exploring this important and pivotal

recall decision-making process within the firm is thus an important but understudied area

in the rapidly growing product recall literature (Ball et al. 2022).

Early research in this domain has taken the first steps to investigate one particular

33
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firm leader and their relationship with the product recall decision: the CEO. For instance,

Mayo et al. (2022) show that CEOs with longer tenures are more inclined to avoid recalling

dangerous consumer products in an effort to avoid the reputational damage that a recall

can have to the firm in general and to a long-tenured CEO in particular. Similarly, Darby

et al. (2023) find that firms are significantly slower to recall the most serious defects when

their CEOs have higher stock ownership in the firm. The authors suggest that one possible

explanation for this finding is that CEOs with substantial firm stock holdings have more

to lose from the stock market penalty that may follow a product recall. This potential

loss appears to motivate firms to extend the time window between when the firm becomes

aware of the defect (i.e., the defect awareness date) and when the recall is initiated (i.e., the

recall initiation date) (see Section 3.2.2 for a detailed description). Both of these studies

pinpoint the unique role a CEO plays in overseeing product recall decisions at the firm,

and they imply a possible, though untested, moral hazard. That is, there is a possibility

that CEOs behave opportunistically during this window of time to avoid personal financial

losses, especially in cases of severe recalls. We refer to the time window between defect

awareness date and recall initiation date as the “Window of Opportunity” and focus on one

specific and potentially contentious form of opportunistic behavior that CEOs may engage

in: informed trading.

Informed trading in this context occurs when a CEO sells their stock during the Window

of Opportunity, that is, after the firm becomes aware of a severe defect that may require a

Class I recall, but before the recall is initiated, presumably to avoid potential losses on their

stock holdings.1 Selling during the Window of Opportunity would be considered informed

trading because the defect awareness date is not publicly reported, nor is it accessible to

1The SEC refers to informed trading by corporate insiders such as CEOs as insider trading, which they
define as trading by insiders based on material, non-public information (Securities and Exchange Acts of
1933 and 1934; Insider Trading Sanctions Act of 1984; Insider Trading and Securities Fraud Enforcement
Act of 1988). Our use of informed trading follows the convention in the accounting literature to label trading
patterns that indicate the presence of trades that are potentially based on material, non-public information
but without providing legal evidence.
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anyone outside the recalling firm prior to the actual recall initiation date, which normally

occurs many weeks or even months after the defect awareness date.2

We focus on the most severe, Class I medical device recalls in our study because although

rare, their occurrence is significant and linked to serious harm or even death for patient

consumers (FDA 2020). They also elicit considerable negative attention from the public,

media, investors, and the FDA (NYT 2022, Fuhr et al. 2013, Thirumalai and Sinha 2011).

Given a CEO’s fiduciary responsibilities related to major firm decisions, they are almost

certain to be aware of, and in many cases involved in, a Class I recall decision. Published

research and anecdotal reporting indicate this is the case (Darby et al. 2023, Philips 2022,

Massdevice 2011). Findings in the accounting literature on informed trading (e.g., Arif et al.

2022, Blackburne et al. 2021) suggest that such events with severe negative consequences

are the most likely context for informed trading. Therefore, we investigate informed trading

in the product recall context to address two open questions. First, we explore whether and

to what degree CEOs sell their company stock in the Window of Opportunity, that is, after

defect awareness and before Class I recall initiation. Second, we examine whether CEOs

avoid personal financial losses from such sales.

In examining the presence of informed trading by CEOs for Class I recalls, we segregate

these most severe recalls into those with, and without, prior medical device product quality

complaints that are made public on the FDA’s complaint website.3 We use this approach

because publicly available medical device complaints represent information leakage that

might reduce a CEO’s information advantage. The FDA publishes all medical device

complaints through its Manufacturer and User Facility Device Experience (MAUDE)

database in an effort to keep the public abreast of, and increase the transparency of, serious

medical device product quality problems. Interestingly though, not all recalls are preceded

2As we explain in Section 2.2, the recalling firm must provide the defect awareness date when it initiates
the recall, and this date is validated by the FDA. We gain access to the date via Freedom of Information
Act (FOIA) requests for recalls that have been initiated.

3https://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfmaude/search.cfm
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by one or more complaints (FDA 2023a). A non-trivial proportion of recalls originate from

internal quality signals such as production line issues or quality control trending analysis.

These recalls are associated with quality defects known only within the firm, providing

the firm’s CEO with an information advantage. In contrast, investors, the FDA, and the

general public might have some ability to foresee recalls that are preceded by MAUDE

complaints, especially when those complaints involve a potential Class I recall in which

serious harm or death is at play. In other words, although the FDA and the public may

not know the exact timing of a forthcoming recall, they may become aware of product

quality issues via MAUDE complaints reported before a recall, a view that is supported by

medical device recall research (Mukherjee and Sinha 2018). This reduces the information

advantage of CEOs, possibly reducing their propensity for informed trading for recalls with

prior MAUDE complaints.

To examine whether CEOs engage in informed trading during the Window of

Opportunity of Class I recalls, we combine data about medical device recalls, MAUDE

complaints, accounting data, stock price information, and executives’ stock trades. We

study publicly traded medical device firms from 2003—after the Sarbanes Oxley Act

changed the reporting standards of officer and director stock purchases and sales—to

2019—after which the COVID-19 pandemic started and disrupted stock markets. Our

unit of analysis is the firm-trading day. We follow prior work in the accounting literature

(e.g., Arif et al. 2022, Blackburne et al. 2021) to guide our empirical analysis, and compare

the selling activity of CEOs on trading days during the Window of Opportunity with their

selling activity on other days around the Window of Opportunity for Class I recalls. Overall,

we analyze the selling activity related to 236 Class I recalls. We further categorize these

recalls into 174 Class I recalls with prior MAUDE complaints and 62 without. Our empirical

analysis shows that CEOs are twice as likely to sell their stock during the Window of

Opportunity for Class I recalls without prior MAUDE complaints than outside it. We do

not observe this pattern for Class I recalls with prior MAUDE complaints, implying that the
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presence of informed trading is nuanced and appears to occur only for these most serious

recalls that are most opaque to the public eye.

Next, we examine whether these sales are personally profitable for the CEOs using

sale-specific abnormal returns (Arif et al. 2022, Blackburne et al. 2021). We find that

CEO sales during the Window of Opportunity for Class I recalls without prior MAUDE

complaints avoid losses by front-running subsequent stock price downturns. Specifically,

stocks of firms whose CEOs sell during the Window of Opportunity for this subset of recalls

have negative abnormal returns of about 15% over the six months following the sale. These

negative abnormal returns correspond to significant profits of about $140,000. Thus, selling

during the Window of Opportunity allows CEOs to avoid substantial losses. Together,

our findings suggest that CEOs may knowingly or unknowingly exploit their information

advantage regarding the most serious and secret recalls by timing their stock sales and profit

from the sales.

These results have significant implications for theory and practice. Towards theory, we

contribute to the product recall decision-making literature as it pertains to the role of the

CEO (Darby et al. 2023, Mayo et al. 2022, Wowak et al. 2015), by demonstrating that they

profit from their firm-proprietary knowledge about an upcoming recall. We also contribute

to the accounting literature on informed trading by executives (Arif et al. 2022, Blackburne

et al. 2021, Jagolinzer et al. 2011) and the emerging operations management literature on

organizational misconduct (Kistler et al. 2024, Petersen et al. 2024, Skilton and Bernardes

2022, Belavina et al. 2020). For practice and public policy, our findings reveal an opportunity

to recognize and prevent informed trading through closer cooperation between the FDA and

the US Security and Exchange Commission (SEC). Additionally, we identify the need for

firms to implement effective corporate governance mechanisms that avert informed trading

by their CEOs.
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3.2 Related literature and medical device recall background

3.2.1 Related literature

Our study is related to three separate literature streams: research linking CEO

characteristics to product recalls, accounting research linking information disclosure

and compliance processes to informed trading, and operations management research on

organizational misconduct.

Within the product recall literature that links CEO characteristics to product recalls,

Mayo et al. (2022) establish that firms have a high probability of initiating a recall following

the appointment of a new CEO. However, as CEO tenure lengthens, the likelihood of recalls

decreases. The authors explain that this may be because long-tenured CEOs seek to prevent

signaling any incompetence to the market by avoiding recalls. Other related research focuses

on how stock option compensation for CEOs influences recall characteristics, indicating

both a positive and negative influence. On the positive side, Liu et al. (2016) find that

firms with high CEO stock option pay or short CEO tenure provide more comprehensive

recall remedies to consumers, perhaps to restore consumer trust and regain firm legitimacy.

On the negative side, Wowak et al. (2015) find that firms in which the CEO receives stock

options as a monetary incentive initiate more recalls, likely because under their leadership,

those firms undertake greater risks during product design, production, and distribution.

Likewise, Darby et al. (2023) examine how the amount of CEO stock ownership impacts

the speed with which a firm decides to recall defective products. Similar to our paper,

those authors use the defect awareness and the recall initiation dates to bookend the recall

decision-making window. The authors theorize that CEOs may be hesitant to recall a

product when they have large ownership stakes in the firm, ostensibly because they expect

a stock price dip once the recall is announced. Their analysis shows that firms with CEOs

who have higher stock ownership tend to delay medical device recalls, and that recalls lead to

negative stock market reactions. This relationship is particularly true for more severe recalls
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which cause more negative stock market reactions. We extend these results in two ways.

First, Darby et al. (2023) use stock ownership of CEOs to explain variation in the length of

the Window of Opportunity, whereas we investigate stock trading behavior by CEOs during

this window. Second, we identify the contingent nature of the stock trading behavior by

showing that it is dependent upon whether or not the information about upcoming recalls

is available to the general public in the form of prior MAUDE complaints.

The notion of informed trading is novel in the product recall context. However,

accounting researchers have extensively examined such opportunistic behavior around

key accounting-related events such as information disclosure and outcomes of compliance

activities. This stream of research suggests that insiders opportunistically adjust their

trading behavior after gaining non-public, material information. On the one hand, insiders

sell more stock in anticipation of events that negatively affect their firm’s stock price. For

instance, insiders sell more heavily when they learn about SEC investigations into their firm

(Blackburne et al. 2021), modified audit opinions (Arif et al. 2022), or 10-K filings that are

yet to be disclosed (Huddart et al. 2007). Prior work also suggests that insiders buy more

stock in anticipation of events that positively affect their firm’s stock price (Kim and Oh

2023, Jagolinzer et al. 2020). This body of work suggests that insiders may use material,

non-public information for personal gain. We extend this stream of work by highlighting how

CEOs may exploit private information gleaned during the product recall decision-making

process—an operational process designed to protect consumers—for opportunistic gain.

In recent years, operations management scholars have become increasingly interested

in understanding the drivers, consequences, and prevention of organizational misconduct

(Kistler et al. 2024, Petersen et al. 2024, Skilton and Bernardes 2022, Belavina et al.

2020). They often build on Greve and co-authors (Greve et al. 2010, p. 56) who define

organizational misconduct as any behavior that transgresses “a line separating right from

wrong; where such a line can separate legal, ethical, and socially responsible behavior from

their antitheses.” Such misconduct can result from rational decision-making, where actors
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consider the cost and benefits of their actions, or amoral decision-making, where actors may

not realize their behavior is unethical or illegal (Palmer 2012, Tenbrunsel and Smith-Crowe

2008). We do not stipulate either explanation but merely explore whether CEOs, knowingly

or unknowingly, exploit non-public firm information on the most serious product quality

problems a firm faces. While the drivers of such behavior are well-established, research into

effective prevention strategies is sparse (Palmer 2012). We address this problem by using

our findings to suggest how regulators can identify informed trading during the window of

time in which firm leaders deliberate on a product recall decision that often has life-or-death

consequences for consumers.

3.2.2 Medical device recall process

In recent years, a handful of researchers have examined the product recall decision-making

process, and described the critical aspects of the process (Darby et al. 2023, Wowak et al.

2021, Ball et al. 2018a). These studies primarily explore how firm characteristics or leaders’

role may explain the likelihood or timing of the recall decision. Drawing from these studies

and insights from our discussions with industry experts and FDA officials, we briefly outline

the recall decision-making process in the medical device industry below.

A product recall at a firm begins with the emergence of a serious product quality

defect, typically discovered from one of two sources: a MAUDE complaint stemming

from a product failure in the market, or an internal manufacturing or quality defect (Ball

et al. 2018a). Reliability engineers monitor failures in the market, while manufacturing,

quality, or supplier engineers monitor internal defects. Once a defect arises, a product

recall decision-making team, typically comprised of senior leadership from areas such as

manufacturing, design, supplier development, legal, or regulatory, convenes to evaluate the

problem (Wowak et al. 2021). This team considers the available data and conducts an

analysis that examines the risk of a product failure in the market, the harm that a potential

failure may cause to the consumer, and the likelihood that the defect is explained by a
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systemic root cause attributable to the firm.4 The team may also indicate the need for

further root cause analysis in an effort to make the most informed recall decision possible.

If the team recommends a recall, it escalates the decision to an individual with recall

decision-making authority at the firm, often a vice president of quality, a chief operations

officer, or the CEO.

Regardless of who makes the final recall decision, prior research and industry sources

emphasize the significant involvement of CEOs in recall decisions, especially when the recall

under consideration is a Class I recall. When CEOs make the recall decision, they are

directly involved in and responsible for the recall. For instance, in Medtronic’s highly

publicized Sprint Fidelis lead recall, CEO Bill Hawkins “made the call that we [Medtronic]

were going to voluntarily suspend the shipment [of Sprint Fidelis leads]” after carefully

analyzing the data and weighing the pros and cons of such a decision (Massdevice 2011).

Even when CEOs do not make the final recall decision, the firm leaders who make the recall

decision regularly meet with their CEO to discuss ongoing recalls and recall-worthy defects

(Darby et al. 2023). As one vice president of quality that we spoke to stated, “the CEO has

to be part of that decision-making process because it directly affects how the company is

running.” Furthermore, CEOs have a fiduciary duty to be involved in, or at least oversee,

these decisions—in particular for the most severe recalls—because they are likely to affect

a firm’s bottom line (Darby et al. 2023).

Once a firm decides to recall a product, it must immediately notify the FDA and affected

customers (Wowak et al. 2021). The day on which this occurs is the recall initiation date.

When notifying the FDA, the firm must also indicate the defect awareness date—the date

on which they first became aware of the underlying defect (Wowak et al. 2021, FDA 2021).5

The FDA verifies these dates when they conduct plant inspections (Darby et al. 2023, FDA

4Sometimes product failures can be caused by customer misuse or they can be random and have no
systemic root cause. In those cases, a recall is not warranted.

5See FDA Form 5072 (11/23) page 4 with the required “Firm Awareness Date” to be filled in when a
firm recalls a defective product: https://www.fda.gov/media/174165/download.
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2021). We label the time between the defect awareness and the recall initiation dates as

the Window of Opportunity (see Figure 3.1).

Figure 3.1: Recall Timeline and the Window of Opportunity

Recalls can be categorized based on their severity and the presence of prior complaints.

Severity is measured with the FDA-assigned recall classes. Class I recalls are the most

severe, and have a reasonable probability of consumer harm or death. Class II recalls, though

less severe than Class I, can still result in temporary or medically reversible adverse health

effects. Class III recalls are not related to adverse health effects and involve issues such as

labeling problems (FDA 2020). The categorization by severity is crucial in understanding

informed trading because accounting researchers have shown that informed trading is more

likely to occur for severe problems that have the most negative consequences for firms (Arif

et al. 2022, Blackburne et al. 2021). In our context, the most severe Class I recalls are likely

to garner the most negative attention from external stakeholders, making informed trading

by CEOs most likely.

To investigate how firm-proprietary information influences stock trades by CEOs, we

use the presence or absence of prior MAUDE complaints to classify recalls further. The

FDA’s MAUDE database makes all medical device complaint reports (e.g., death, injury,

or malfunction event) publicly available. While a small portion of these reports are posted
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by patients and physicians directly, the vast majority are posted by manufacturing firms

based on information the firm receives from patients and physicians, in nearly real-time

(Mukherjee and Sinha 2018). If a firm fails to report an adverse event that they receive

from a customer, they are heavily penalized by the FDA including receiving FDA warning

letters. Thus, firms are highly sensitized to accurate and timely reporting of MAUDE data

(FDA 2023b). When a recall is triggered by MAUDE complaints alone or by a combination

of internal signals and MAUDE complaints, the public already possesses some information

about the underlying issue before the firm announces the recall. For instance, in Medtronic’s

Sprint Fidelis recall, the initial awareness of the defect came from a hospital report on an

unusually high failure rate (Massdevice 2011), a complaint that is available in the FDA’s

MAUDE database. Conversely, if a recall originates solely from internal information without

prior MAUDE complaints, it remains confidential within the firm. Consider, for example,

Cardiovascular System’s recall of their Diamondback 360 Device, a surgical instrument

used to reestablish blood flow in narrowed arteries. In 2014, the firm recalled multiple

devices even though there were no reported patient injuries (FDA 2014). The recall was

an outcome of quality issues identified during process control in a component that could

potentially fracture during use, although it had not yet happened.

While the source of information does not impact a CEO’s involvement, it does affect the

extent to which information about recall-worthy defects remains non-public, providing an

information advantage to those who know about it. This, in turn, potentially influences the

temptation to sell when firm leaders discuss a serious product quality problem. If complaints

precede a recall, the stock market may anticipate it, reducing the temptation for informed

trading. For instance, Kim and Wagner (2021) find that market penalties for corruption

primarily stem from initial allegation reports, akin to MAUDE complaints. Conversely, if

no complaints precede a recall, the secret nature of the serious quality problem may create

a greater temptation to sell stock. Therefore, we analyze recalls with and without prior

MAUDE complaints separately to understand their impact on informed trading by CEOs.
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In summary, firms initiate product recalls after being made aware of a potentially

recall-worthy defect, creating a Window of Opportunity for CEOs to engage in informed

trading. Our research aims to assess the presence of informed trading in this context by

investigating stock sales by CEOs during the Window of Opportunity of Class I recalls

conditional on the presence of MAUDE complaints. We also examine whether such sales

are profitable.

3.3 Empirical setting

3.3.1 Data

We collect and combine several data sources to investigate the relationship between medical

device product recalls and informed trading. First, we compile information on product

recalls via multiple Freedom of Information Act (FOIA) requests to the FDA. This data

includes details such as the responsible firm’s contact information6, defect awareness date,

recall initiation date, and severity classification. We focus on recalls with defect awareness

and initiation dates between January 01, 2003, and December 31, 2019. We start from

2003, after Congress passed the Sarbanes Oxley Act, which required officers and directors

to electronically file purchases and sales of their firm’s stock within two business days. Our

data collection ends in 2019, after which the COVID-19 pandemic caused severe shocks for

medical device firms, their recalls, and their stock price.

Next, we establish whether complaints precede recalls by linking our recall data to the

FDA’s MAUDE database via the open FDA API. In the MAUDE database, the FDA

publicizes adverse event reports categorizing a device using its approval number. An

approval number can take on two types. Highly innovative medical devices that require

clinical trials (referred to as pre-market approvals or PMAs) have a PMA approval number,

6We use Refinitiv’s mergers and acquisitions data to identify changes in ownership to ensure that the
recall is assigned to the correct firm.

https://open.fda.gov
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while new versions of existing devices (referred to as 510(k) approvals) have a 510(k)

approval number. We use FDA-assigned approval numbers to connect recalls to MAUDE

data. Our data includes 72 Class I recalls for which MAUDE reports no events before

the firm initiates the recall. We consider these in the “Recalls without prior MAUDE

complaints” analyses. There are 164 Class I recalls for which MAUDE reports at least one

complaint (e.g., death, injury, or malfunction event) before the firm initiates the recall. We

consider these in the “Recalls with prior MAUDE complaints” analyses.

We collect firm financial data from The Center for Research in Security Prices (CRSP)

and Compustat for all U.S. common stocks in our sample. We also incorporate aggregate

stock market data used to compute a firm’s abnormal return from the Kenneth R. French

security data library.7

Lastly, we collect information on stock transactions by CEOs from the Thomson Reuters

Insider Filings Form 4 database. We follow Jagolinzer et al. (2020) and consider only

open-market purchases and sales of common stock for our analysis. Thus, we exclude

option exercises, option grants, and equity gifts because CEOs have less discretion in the

timing of these transactions. Combining these datasets yields a sample of 236 unique Class

I recalls and 521,303 firm-trading days between 2003 and 2019. Consistent with informed

trading research in the accounting literature, our unit of analysis is the firm-trading day

(e.g., Huddart et al. 2007).

3.3.2 Variables

Dependent variables

CEO Selling Activity. To capture the selling activity of CEOs, we create the binary variable

CEO Selling Activity, which equals one if the CEO at the recalling firm sells more than

they buy on a given day and zero otherwise. For example, if the CEO sells stock valued

7http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data library.html
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at $50,000 and buys $20,000 then we code CEO Selling Activity as one. If, on the other

hand, they sell $10,000 but buy $20,000 then we code CEO Selling Activity as zero. This

measure of selling activity is widely adopted in the accounting literature (Arif et al. 2022,

Blackburne et al. 2021). Aggregating this measure across multiple days, as we do in our

analyses, allows us to interpret the mean value of CEO Selling Activity and any coefficients

that describe changes to it as the likelihood of a stock sale by a CEO on any given day (Arif

et al. 2022). For instance, the mean value for CEO Selling Activity in our sample is 0.010,

meaning that on any given day there is a 1.0% likelihood of a CEO selling their stock.

Independent variable

Window of Opportunity. To examine whether CEOs make informed sales during theWindow

of Opportunity, we need to identify their sales in this window. We create Window of

Opportunity, a binary variable, that equals one if a trading day is between the defect

awareness date and recall initiation date for any Class I recall of the focal firm, and zero

otherwise. This approach resembles the one taken by Huddart et al. (2007) in their study

of the relationship between 10-K / 10-Q reports and informed trading. To illustrate the

variable construction, consider a hypothetical firm that becomes aware of a defect on July

15, 2010 and initiates the corresponding Class I recall on September 3, 2010. For this firm,

Window of Opportunity takes the value zero for days before July 15, the value one for all

days between and including July 15 and September 3, and zero for September 4 and onward

(see also Figure 3.1 for a graphical representation of this coding). For our main analysis,

we construct three variations of this variable: Window of Opportunity for Class I recalls

without prior MAUDE complaints, Window of Opportunity for Class I recalls with prior

MAUDE complaints, and Window of Opportunity for all Class I recalls combining both

categories.
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Other variables

We follow the accounting literature (e.g., Arif et al. 2022, Blackburne et al. 2021, Jagolinzer

et al. 2011) and include seven firm-day-level control variables associated with the propensity

of executives to trade. We capture the firm’s blackout period (Blackout Period), the

firm’s market value and growth opportunities (Firm Size, Book-to-Market Ratio), as well

as measures based on the firm’s stock price (Abnormal Returns, Daily Abnormal Returns,

Volatility, Daily Volatility). Details on these are as follows:

Firm Size. We control for firm size because it may affect the number of recalls and

a CEO’s trading behavior. We measure firm size as the natural logarithm of market

capitalization, where market capitalization is the stock price multiplied by outstanding

shares (Arif et al. 2022, Blackburne et al. 2021).

Book-to-Market Ratio (BM). We control for a firm’s book-to-market ratio, measured as

the book value of equity scaled by market capitalization, where market capitalization is the

stock price multiplied by outstanding shares (Arif et al. 2022, Blackburne et al. 2021).

Blackout Period. Most firms institute self-imposed blackout periods around earning

announcement dates in which they prohibit officers from buying or selling stock. If

a Window of Opportunity overlaps with such a blackout period, then CEOs would be

prohibited from selling their stock in the period of overlap. We follow Blackburne et al.

(2021) and set potential blackout periods as the time from 46 days before to one day after

a firm’s quarterly earnings announcements. Specifically, we create Blackout Period as an

indicator variable that takes the value of one if a firm-day falls within [-46, +1] days of a

firm’s earnings announcement, and zero otherwise. We obtain information on the earning

announcement dates from Compustat.

Abnormal Returns. A firm’s stock price performance relative to the aggregate stock

market might affect a CEO’s selling behavior. Therefore, we include abnormal returns,

measured as the firm’s market-adjusted abnormal return over the fiscal year, as a control
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(Arif et al. 2022, Blackburne et al. 2021).

Daily Abnormal Returns. Similar to the yearly abnormal returns, short-term swings in

a firm’s stock price relative to the stock market might affect a CEO’s selling behavior. We

control for this using daily abnormal returns, which we measure as a firm’s market-adjusted

abnormal return over the three days preceding and including each trading day (i.e., over

the [-3,0] days around a trading day). This window follows Blackburne et al. (2021) and

is designed to capture the effect of contemporaneous public news that might affect CEO

Selling Activity (Arif et al. 2022).

Volatility. The volatility of a firm’s stock returns might influence a CEO’s selling

behavior. We account for this by controlling for the standard deviation of monthly stock

returns over the fiscal year (Arif et al. 2022, Blackburne et al. 2021).

Daily Volatility. Similar to the yearly volatility, we control for short-term volatility in

a firm’s stock returns using the standard deviation of its daily stock returns (Blackburne

et al. 2021). In line with our calculation for Daily Abnormal Returns, we consider the three

days preceding and including the trading day for this calculation.

3.3.3 Empirical strategy

Our main research question is whether CEOs engage in informed trading in the window

of time between defect awareness and recall initiation. Our independent variable Window

of Opportunity indicates whether a given day lies between the defect awareness and recall

initiation dates. To empirically test whether CEOs are more likely to sell their stock during

this window—a sign of potential informed trading—we follow the informed trading literature

(e.g., Arif et al. 2022, Blackburne et al. 2021) and compare their selling activity within the

Window of Opportunity (Window of Opportunityit = 1) to their selling activity outside
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this window. Specifically, we estimate the following equation:

CEO Selling Activityit =δ ∗Window of Opportunityit

+ β1 ∗ Firm Sizeit + β2 ∗BooktoMarket Ratioit

+ β3 ∗Blackout Periodit + β4 ∗Abnormal Returnsit

+ β5 ∗ V olatilityit + β6 ∗Daily Abnormal Returnsit

+ β7 ∗Daily V olatilityit

+ γi + λt + ϵit,

(3.1)

where CEO Selling Activityit measures the selling activity of the CEO for firm i on trading

day t, Window of Opportunityit is our indicator variable for days between, and inclusive

of, the defect awareness and recall initiation dates, γi and λt are firm and trading day

fixed-effects and ϵit is the error term. Our coefficient of interest is δ, which describes the

change in the likelihood of a stock sale by a CEO during the Window of Opportunity. If

CEOs, on average, increase their selling activity based on information about recalls, then

the coefficient for Window of Opportunity will be positive and statistically significant. This

would indicate the presence of informed trading. If, however, the coefficient for Window of

Opportunity is negative or not significant, then it would indicate the absence of statistically

identifiable informed trading patterns.

One challenge in estimating the coefficient of Window of Opportunity is that underlying

factors could jointly affect recalls and insider selling activity, which would lead to biased

results. We address such endogeneity concerns in three ways. First, we rely on the

quasi-exogenous nature of defect awareness dates. Firms constantly monitor quality signals

and receive information from various third parties including doctors and patients. Thus,

firms have limited control over how and when quality issues are reported. Furthermore,

the FDA validates the defect awareness dates which mitigates misreporting (Darby et al.

2023, FDA 2021). Second, we include firm-day fixed effects in all our regressions, further
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bolstering our identification. The firm fixed effects account for time-invariant unobservable

heterogeneity between firms. The day-fixed effects account for any market-wide daily

unobservable heterogeneity. Third, we follow Arif et al. (2022) and Blackburne et al.

(2021) by controlling for a wide range of observable variables that can influence insider

selling activity. This allows us to identify changes to a CEO’s selling activity during the

Window of Opportunity—ceteris paribus—while holding all other observable and firm-day

fixed confounders constant.

3.4 Results

Table 3.1 presents descriptive statistics for all the substantive variables. The mean CEO

Selling Activity is 0.010 across the full sample, meaning that their average likelihood to sell

on a given day is 1%.

Table 3.1: Descriptive Statistics

Mean SD Min Max Median N

CEO Selling Activity 0.010 0.101 0.000 1.000 0.000 523 310
Firm Size 7.221 2.349 0.152 12.958 6.994 523 310
Book-to-Market Ratio 0.402 0.464 −9.037 9.667 0.319 523 310
Blackout Period 0.525 0.499 0.000 1.000 1.000 523 310
Abnormal Returns 0.069 0.426 −2.567 3.225 0.040 523 310
Volatility 0.026 0.017 0.006 0.239 0.022 523 310
Daily Abnormal Returns 0.001 0.056 −1.052 3.665 0.000 523 310
Daily Volatility 0.020 0.023 0.000 1.942 0.013 523 310

3.4.1 Presence of Informed Trading

We examine informed trading behavior by CEOs by estimating Equation 3.1. Table 3.2

presents our results for Class I recalls without prior MAUDE complaints, Class I recalls

with prior MAUDE complaints, and all Class I recalls.
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In Section 3.2.2, we stated that CEOs might be most likely to sell their stock before

Class I recalls without prior MAUDE complaints and that empirically, such behavior would

be evidenced by a positive coefficient for Window of Opportunity. Our results support this

assertion. Specifically, column (2) shows that CEOs are more likely to sell their stock in the

Window of Opportunity for Class I recalls without prior MAUDE complaints (0.0085; p <

0.05). This means CEOs are almost twice as likely8 to sell stock on days during the Window

of Opportunity compared to days outside the window and provides initial support for our

assertion that CEOs may make informed trades during the product recall decision. At the

same time, column (4) shows that CEOs are less likely to sell their stock in the Window of

Opportunity for Class I recalls with prior MAUDE complaints (−0.0038; p < 0.01). We do

not find significant results when considering all Class I recalls in column (6). Thus, merging

these two coefficients results in an non-significant overall effect for Class I recalls. This

underscores the importance of categorizing recalls by prior MAUDE complaints, a central

and valuable aspect of our study. Even if the FDA and SEC collaboratively agreed to

examine the risk of informed trading during the Window of Opportunity, they would need

to be aware of how prior MAUDE complaints influence the likelihood of informed trading.

We elaborate on this further in the discussion section.

3.4.2 Profitability of Sales in the Window of Opportunity

This section examines whether CEOs profit from selling in the Window of Opportunity.

This is an important and relevant question because previous research shows that product

recalls have negative consequences for firms (Cheah et al. 2007, Davidson and Worrell 1992,

Jarrell and Peltzman 1985) but empirical evidence of a stock market penalty around the

recall initiation date is mixed (Darby et al. 2023, Thirumalai and Sinha 2011). Similarly,

previous research shows that profits of trades by “typical” insiders are economically small,

8The coefficient for Window of Opportunity (0.0104) means that the likelihood of a CEO sale increases
by 1.85 = 0.0085+0.010

0.010
(i.e., twice as likely) in the Window of Opportunity compared to the sample average

of 0.010 in Table 3.1.
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resulting in average abnormal returns of 0.89% and mean (median) dollar profits of $4,000

($141) (Cziraki and Gider 2021). Thus, whether sales in the Window of Opportunity are,

in fact, profitable remains an open question.

To examine the profitability of such sales, we compute Abnormal Sales Return as the

sale-specific buy-and-hold abnormal stock return over the 180 calendar days after the sale,

multiplied by −1 (Arif et al. 2022, Blackburne et al. 2021, Ravina and Sapienza 2010).9

Then we compare the Abnormal Sales Return for CEO sales in the Window of Opportunity

to three benchmarks: (i) the profitability of all sales by officers or directors, including the

CEO, outside the Window of Opportunity for firms in the sample (All Other Sales); (ii)

the profitability of all other sales by officers or directors, including the CEO, outside the

Window of Opportunity within the same year for firms in the sample (Same Year); and (iii)

the profitability of all other sales by the same CEO outside the Window of Opportunity

within the preceding three years for firms in the sample (Own Sales). If sales by CEOs

before product recalls are indeed informed and the information they trade on is material,

then we expect them to outperform these benchmarks.

In addition to Abnormal Sales Return, we evaluate profits from sales (in dollars) in the

Window of Opportunity to assess the financial benefit CEOs extract from recall-related

information. We compute Sales Profits by multiplying the inflation-adjusted dollar value

of the sale, expressed in 2020 US dollars, by the corresponding Abnormal Sales Return

(Cziraki and Gider 2021).

Table 3.3 presents our results. Column 1 shows the Abnormal Sales Return of CEO sales

during the Window of Opportunity for Class I recalls without prior MAUDE complaints,

Class I recalls with prior MAUDE complaints, and all Class I recalls. Columns 2, 4, and 6

provide the Abnormal Sales Return for the three benchmarks. Columns 3, 5, and 7 provide

the p-values from a Wilcoxon rank sum test on the difference between the Abnormal Sales

9The accounting literature generally computes abnormal returns over 180 calendar days because of the
“short-swing rule” (Section 16(b) of the Securities and Exchange Act of 1934), which penalizes insiders for
profits from trades within six months of each other.
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Return in Column 1 and the profits of the respective benchmark.

Table 3.3: Profitability of CEO Sales in Window of Opportunity using Market-Adjusted
180-days Buy-and-Hold Returns

Benchmarks

All Other Sales Same Year Own Sales

Sales
Profits

Sales
Profits

p-value
Sales
Profits

p-value
Sales
Profits

p-value

(1) (2) (3) (4) (5) (6) (7)

Recalls without prior MAUDE Complaints 15.28 −2.36 <0.001 −2.58 <0.001 10.03 0.011
(5.47) (−16.09) (−9.87) (4.76)

Recalls with prior MAUDE Complaints 4.11 −2.36 0.188 −3.29 <0.001 −1.65 0.074
(1.73) (−16.09) (−15.57) (−0.97)

All Class I Recalls 9.54 −2.36 <0.001 −2.99 <0.001 4.75 8.90
(4.93) (−16.09) (−18.49) (3.07)

Notes: The table presents sales profits for sales during the Window of Opportunity. We measure Abnormal
Returns as the sale-specific market-adjusted buy-and-hold returns over the 180 calendar days after each sale,
multiplied by -1. t-statistics appear in parentheses. The p-values are from a Wilcoxon rank sum test on the
difference between the Abnormal Returns in the Window of Opportunity (Column 1) to the Benchmarks.

In Section 3.4.1 we showed that CEOs increase their selling activity in the Window of

Opportunity for Class I recalls without prior MAUDE complaints but not for those with

prior MAUDE complaints (see Table 3.2). The results in Table 3.3 provide a possible

explanation for this finding. We find that CEOs who sell their stock during the Window

of Opportunity of Class I recalls without prior MAUDE complaints profit significantly.

These sales generate profits (i.e., they help CEOs avoid losses) of 15.28% (corresponding

to Sales Profits of $143,439). This is significantly larger than all three benchmarks. The

magnitude of these abnormal returns is comparable to informed trades around severe SEC

investigations (11.76% in Blackburne et al. 2021) and modified audit reports that lead to

financial results restatements (10.98% in Arif et al. 2022).

On the other hand, CEOs who sell their stock during the Window of Opportunity of

Class I recalls with prior MAUDE complaints appear to profit less (i.e., 4.11% corresponding

to Sales Profits of $79,981). This lower profitability might explain why we do not observe

a significant increase in CEO Selling Activity for these recalls. Overall, the evidence in

Tables 3.2 and 3.3 suggests opportunistic behavior: CEOs are more likely to sell their stock
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in the Window of Opportunity for Class I recalls without prior MAUDE complaints, leading

to significant personal profits.

3.5 Supplementary Analysis

We study the trading patterns that we observe more comprehensively using three robustness

checks to assess the validity of our results and two post-hoc analyses to explore the boundary

conditions of our findings.

3.5.1 Robustness Checks

As robustness checks, we (1) repeat the analysis with an alternative measure of the selling

activity of CEOs to ensure the robustness of our findings to different dependent variables,

(2) repeat the profitability analysis using an alternative market adjustment that considers

company size, and (3) incorporate the relatively few recalls that did not contain a PMA or

510(k) approval number, obviating our ability to link these recalls to MAUDE data.

Alternative Measure of CEO Selling Activity

To ensure that our findings are not driven by how we operationalize our dependent

variable, we use Buy-Sell-Imbalance, as an alternative measure. Buy-Sell-Imbalance

represents the net imbalance between executives’ sales and purchases and is frequently

used in the accounting literature (Arif et al. 2022, Blackburne et al. 2021). We compute

Buy-Sell-Imbalance as the value of shares bought by the CEO minus the value of shares

sold by them scaled by their total trading volume. By definition, the value ranges from

-1 to 1, with negative values indicating net selling activity and positive values indicating

net buying activity. For example, if a CEO sells $50,000 worth of stock and buys $20,000

then Buy-Sell-Imbalance takes the value -0.43; (20,000−50,000
70,000 ). If, on the other hand, they

sell stock worth $10,000 but buy $20,000 then Buy-Sell-Imbalance takes the value 0.33;
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(20,000−10,000
30,000 ). As our example illustrates, higher values of Buy-Sell-Imbalance indicate

lower relative selling activity, meaning that the algebraic sign for coefficients is opposite

that in Table 3.2.

We present the results with Buy-Sell-Imbalance as the dependent variable in Table 3.5.

Our results are consistent with our main findings. Most importantly, we continue to find

evidence of informed trading with CEOs having a lower Buy-Sell-Imbalance in the Window

of Opportunity for Class I recalls without prior MAUDE complaints (δ̂1 = −0.0077; p −

value < 0.05).

Alternative Adjustment For Profit Analysis

To evaluate the robustness of our insider sale profitability analysis we re-compute Abnormal

Sales Return using size-adjusted returns (Fama and French 1995). We present our results in

Table 3.4. We continue to find that CEOs who sell in the Window of Opportunity of Class

I recalls without prior MAUDE complaints profit from doing so. Specifically, these sales

generate profits that are significantly larger than all three benchmarks (15.12%). Thus, our

findings are robust to the measure of abnormal returns.

Table 3.4: Robustness Check: Profitability of CEO Sales in Window of Opportunity using
Size Adjusted Sales Profits

Benchmarks

All Other Sales Same Year Own Sales

Sales
Profits

Sales
Profits

p-value
Sales
Profits

p-value
Sales
Profits

p-value

(1) (2) (3) (4) (5) (6) (7)

Recalls without prior MAUDE Complaints 15.12 −1.41 <0.001 −3.01 <0.001 7.19 0.022
(5.60) (−3.63) (−7.87) (2.19)

Recalls with prior MAUDE Complaints 4.40 −1.41 0.298 −3.18 <0.001 1.93 0.867
(1.92) (−3.63) (−4.49) (0.95)

All Class I Recalls 9.60 −1.41 <0.001 −3.02 <0.001 5.12 0.158
(5.14) (−3.63) (−7.63) (2.34)

Notes: The table presents sales profits for sales during the Window of Opportunity. We measure Abnormal
Returns as the sale-specific cumulative size and market-adjusted returns over the 180 calendar days after
each sale, multiplied by -1. t-statistics appear in parentheses. The p-values are from a Wilcoxon rank sum
test on the difference between the Abnormal Returns in the Window of Opportunity (Column 1) to the
Benchmarks.
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Recalls without PMA or 510(k) number

There are 35 Class I recalls that we omitted from our main analysis because they neither

have a PMA nor a 510(k) number assigned to them, preventing us from associating them

with MAUDE complaint data. Here, we reintroduce these recalls to check the robustness of

our findings. Because we cannot definitively classify them as recalls with or without prior

MAUDE complaints, we evaluate how including them in each category separately affects

our results. In columns 1 and 2 of Table 3.6, we assume these recalls had prior MAUDE

complaints, while in columns 3 and 4, we assume they did not. Finally, we include them in

the “All Class I recalls” category in columns 5 and 6.

We can conclude from Table 3.6 that our inability to clearly assign these recalls into one

or the other complaint category does not impact our conclusions. We continue to observe an

increase in selling activity in the Window of Opportunity for recalls without prior MAUDE

complaints and a decrease in selling activity for those recalls with prior MAUDE complaints.

There remains no detectable change in selling activity in the Window of Opportunity when

combining both categories of recalls.

3.5.2 Post-hoc

As post-hoc analyses, we explore the informed trading effects we have observed more deeply.

We do so along two dimensions: our focus on Class I recalls and our focus on CEOs. We

first investigate whether the observed increase in the selling activity of CEOs is limited to

Class I recalls or extends to Class II and III recalls as well. Then, we examine if quality

and operations officers, the other senior leaders most likely to be closely associated with

and informed of Class I recall decisions under deliberation (Wowak et al. 2021), also exhibit

opportunistic stock trading behavior.
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Extension to Class II and III Recalls

We focus on Class I recalls in our main analysis because they represent the most severe cases.

Consequently, they attract significant negative attention from external stakeholders and are

highly likely to be within the purview of CEOs. Here, we explore whether the observed

increase in the selling activity of CEOs is limited to Class I recalls or extends to Class II

and III recalls. Our data includes 4,671 Class II and 465 Class III recalls. Specifically, we

construct six new variations of Window of Opportunity : Class II or III recalls without prior

MAUDE complaints, Class II or III recalls with prior MAUDE complaints, and all Class II

or III recalls. We then re-estimate Equation 3.1.

Table 3.7 presents our results. The coefficients for Window of Opportunity are not

significant in any column. This indicates that there is no statistically detectable change in

the likelihood that CEOs sell their stock during the Window of Opportunity for Class II or

III recalls, regardless of the presence of MAUDE complaints. This is consistent with our

theorizing that CEOs are most likely to take such risks on the most serious Class I recalls

only.

Extension to Quality and Operations Officers

Up to this point, our analysis focuses on the selling activity of CEOs, given their involvement

in the recall decision-making process (Mayo et al. 2022) and the well-established influence

of their stock compensation on the decision to recall (Darby et al. 2023, Wowak et al.

2015). However, CEOs are not the only senior managers involved in recall decisions.

Senior quality and operations officers are often very involved in, or even make, the recall

decision while keeping the CEO informed (Darby et al. 2023, Wowak et al. 2021). Hence, we

explore whether quality and operations officers also exhibit opportunistic behavior during

the Window of Opportunity.

We use BoardEx data to identify quality and operations officers for our sample firms. To
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identify quality and operations officers, we examine the titles of individuals for keywords that

suggest their involvement in the quality or operations function (e.g., “Ops,” “Operations,”

“Quality”).10 This method follows prior research (Hambrick and Cannella 2004, Fu et al.

2020, Roh et al. 2016). Then we compute Quality and Operations Officer Selling Activity

as an alternative dependent variable, which equals one if quality and operations officers at

the recalling firm sell more than they buy on a given day and zero otherwise. Using this

information, we replicate our previous analysis for quality and operations officers.

Table 3.8 presents our results. We observe that quality and operations officers tend to

decrease their selling activity during the Window of Opportunity of Class I and II—but not

Class III—recalls. In particular, the coefficients forWindow of Opportunity are negative and

significant for Class I recalls without prior MAUDE complaints, Class II recalls with prior

MAUDE complaints, and all Class II recalls. While reducing selling activity aligns with an

officer’s fiduciary duty to refrain from trading based on material, non-public information

(Jagolinzer et al. 2011), this behavior differs from that of CEOs who increase their selling

activity for Class I recalls without prior MAUDE complaints.

3.6 Discussion and conclusion

Our study explores whether CEOs engage in informed trading during the time in which the

firm is deliberating on whether or not to initiate the most serious type of medical device

product recall. The Window of Opportunity appears to provide them with the means and

the motivation to sell their stock in anticipation of Class I recalls. However, whether they

exploit this opportunity remained an open question, until now. Our findings reveal that

CEOs, in fact, are more likely to sell their stock in the Window of Opportunity for Class

I recalls without prior MAUDE complaints. Furthermore, we show that these sales are

highly profitable for their personal fortunes. In the discussion below, we aim to achieve

10We provide a list of all BoardEx roles that we consider to be quality and operations officers in Table B.1
in the E-Companion.
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three objectives: (1) reconcile our findings with prior research on informed trading and

product recalls, (2) highlight the theoretical contributions of our study, and (3) outline its

practical implications.

Our profitability analysis (Section 3.4.2) shows that sales in the Window of Opportunity

for Class I recalls yield abnormal buy-and-hold returns ranging from 4.11% to 15.28%,

translating to dollar profits between $79,981 and $143,439. These returns surpass the typical

stock market reaction to high-severity recalls, which event studies estimate to range between

1% and 3% (Darby et al. 2023, Thirumalai and Sinha 2011). They also far exceed the average

insider trade profits reported in the literature (e.g., $4,000 mean and $141 median profits

in Cziraki and Gider (2021)).

To reconcile the difference with prior product recall event studies, we revisit a critical

assumption of these studies: the unanticipated event assumption (McWilliams and Siegel

1997). This assumption posits that traders acquire new information from the product

recall announcement itself, with no prior information leakage. However, we argue in

Section 3.2.2 that information about underlying product issues can already be available

to investors through complaints filed prior to the recall announcement. Such pre-existing

information would undermine the unanticipated event assumption and could lead to an

underestimation of the true effects. By distinguishing between recalls with and without

prior complaints, our study captures variance in recall types that prior studies have not

considered. Supporting this argument, we find that abnormal returns for Class I recalls

without prior complaints (4.11%) align closely with the 1%-3% short-term market reactions

reported in prior studies, whereas recalls with prior complaints yield substantially higher

abnormal returns (15.28%). Moreover, our analysis considers a longer time frame, enabling

us to capture delayed repercussions that event studies focused on the announcement date

might not capture. For instance, in Philips’ high-profile recall of sleep apnea and ventilator

machines, the number of affected products expanded from 3 to 5 million months after the

initial announcement, leading to a stock price reduction of 15%—–a decline that short-term
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event studies would not account for (Zipp 01/12/2022). Incorporating complaint data and

using a longer observation period explains why the profitability of trades in the Window of

Opportunity exceeds the typical stock market reaction to high-severity recalls.

The difference in dollar profits is similarly explained by sample variation. While

Cziraki and Gider (2021) examines trades by insiders across several hundred thousand

transactions—most of which are unlikely to be informed. Our study specifically focuses on

potentially informed trades by CEOs. The average insider transaction in Cziraki and Gider

(2021) yields a modest abnormal return of 0.89%, whereas our analysis reports abnormal

returns of up to 15.28%, which is comparable to informed trading returns reported by Arif

et al. (2022) and Blackburne et al. (2021). Now, because these trades generate considerably

higher returns, they are also more profitable, explaining the observed difference in dollar

profits.

Our findings make three important theoretical contributions. First, in examining

opportunistic behavior by CEOs during the recall decision-making process, we build upon

product recall studies that use CEO characteristics to predict the occurrence or delay of

recalls (Darby et al. 2023, Mayo et al. 2022, Liu et al. 2016, Wowak et al. 2015). Specifically,

we extend the work by Darby et al. (2023) who explain recall delays using CEO stock

ownership as an indicator of financial incentive but remain silent on how the financial

gains are accrued. By showing that CEOs sell stock and that these sales are profitable, we

demonstrate how CEOs might accrue financial benefits for personal gain during the window

of time in which the firm is deciding whether or not to initiate a serious recall.

Second, we are the first to examine and provide evidence that CEOs appear to exploit

non-public information during the product recall decision-making process—an operational

process that serves as a regulatory mechanism designed to manage and monitor product

safety. This is particularly important because the existing literature on informed trading

is focused on accounting and finance-oriented processes such as audits (Arif et al. 2022),

SEC investigations (Blackburne et al. 2021), federal financial assistance (Jagolinzer et al.
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2020), or 10K/Q reports (Huddart et al. 2007). Instead, our results highlight that informed

trading can be present in critical operational contexts as well, paving the way for future

research into other operational contexts in which there may also be a temptation to conduct

informed trades, such as supplier audits or product development projects.

Finally, we contribute to the emerging literature that links operations management and

organizational misconduct (Kistler et al. 2024, Petersen et al. 2024, Skilton and Bernardes

2022, Belavina et al. 2020) by demonstrating how CEOs might exploit the product recall

decision-making process to engage in informed trading. While the drivers of organizational

misconduct are well-established (Palmer 2012, Greve et al. 2010), research on effective

prevention strategies is limited. As we discuss below, our work, which is based on an

in-depth understanding of the product recall decision-making process, addresses this gap

by providing regulators with a guide on how to identify and help prevent informed trading.

Our study has two key practical implications. For senior managers, particularly

those concerned with corporate governance, our research highlights the importance of

implementing informed trading policies that effectively limit the trading activities of

executives who are involved in the product recall decision-making process. Most firms have

self-imposed trading restrictions, such as blackout windows around earning announcement

dates (Blackburne et al. 2021). However, these restrictions do not extend to product recall

decisions. Thereby, insiders may face a moral hazard: they need to make product recall

decisions in the best interest of the public health that might adversely affect them financially.

Our results should prompt senior management and regulators to closely scrutinize insider

sales that occur in connection with product recalls, ensuring a more robust, fair, and secure

corporate environment. One possible solution is a so-called trading plan, which requires

officers to schedule a trade up to 90 days before executing it (Ramonas 2022).

Concerning regulators, the SEC is primarily responsible for safeguarding the interests

of individual investors, while the FDA is responsible for monitoring product safety and

product recalls. However, from our discussions with senior individuals at the FDA, these
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two agencies operate independently from each other. Our study identifies a collaboration

opportunity between the SEC and the FDA to identify and deter informed trading.

Specifically, the FDA can share defect awareness dates with the SEC, allowing the SEC to

investigate abnormal trading patterns around these previously undisclosed dates, especially

for those recalls that are most secret within the firm before they are initiated, those without

prior MAUDE complaints. Knowing that the FDA is sharing the defect awareness dates

with the SEC and that the SEC is monitoring insider sales more closely may mitigate

opportunistic trading by executives. It is noteworthy as well that in discussions we have

had with senior leadership at the FDA, the notion of informed trading during the recall

decision-making process appears to be news to them.

Our results should be interpreted in the context of our study’s limitations. First, we

are unable to pinpoint which sales are definitively informed by knowledge about upcoming

recalls. Instead, similar to related accounting studies, we make inferences about informed

sales based on changes in average selling activity in the Window of Opportunity. This

approach aligns with methods commonly found in the informed trading literature (e.g.,

Arif et al. 2022, Blackburne et al. 2021, Huddart et al. 2007). As a result, it is important to

note that while our findings suggest the presence of informed trading, they do not provide a

definitive method for identifying illegal actions. Additionally, our findings that indicate the

absence of informed trading in certain contexts (e.g., during the Window of Opportunity for

Class II and III recalls) mean there is no statistically identifiable pattern, but not necessarily

that informed trading does not occur. Hence, our suggestions should be interpreted as a

call for heightened awareness and scrutiny rather than a prosecutorial tool.

Second, our focus is restricted to one operational context, Class I medical device product

recalls. Future research might be able to extend the investigation to product recalls in

other industries such as automotive (Mukherjee et al. 2022) and consumer products (Mayo

et al. 2022, Ni et al. 2014) or to entirely different operational contexts such as supplier

audits, product development processes, or the collection of information for supply chain
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transparency. Similarly to our setting, insiders might sell their stock once failures in these

contexts are known internally but not yet disclosed to the public.

Trading based on private, material information about a firm is illegal in the United

States. Yet, despite best efforts by policy-makers and the SEC, the practice remains

prevalent because the contexts in which it happens are not always well understood (Patel

and Putnins 2020). Our findings provide novel evidence that CEOs of medical device firms

appear to knowingly or unknowingly benefit from the product recall decision-making process

for personal gain at the expense of the firm’s shareholders.



Chapter 4

Chief Sustainability Officers and

Environmental Injustice: An

Empirical Evaluation

Look, we all suffer from exposure to pollution in this country, but some

significantly more than others, thanks to what’s called environmental racism.

John Oliver (2022), Last Week Tonight

4.1 Introduction

Manufacturing activity is often detrimental to the environment because the production of

goods generates waste and toxic releases, including harmful chemicals, gases, liquids, and

metals (Muthulingam et al. 2022). These toxic releases pose serious health risks, such as

cancer and chronic illnesses, particularly for communities living near industrial facilities

(EPA 2023b, Mohai et al. 2009). However, the burden of industrial pollution is not shared

equally across the United States. Due to systemic disparities, a disproportionate share of

69
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environmental harm is borne by predominantly Black or African American communities, a

phenomenon commonly referred to as “environmental racism” or “environmental injustice”

(Kalkanci et al. 2019). The existence of environmental injustice is well-documented

(e.g., Diaz 2017, Mohai et al. 2009, Chavis Jr. and Lee Charles 1987) and reflects a

troubling reality: firms are more likely to build hazardous manufacturing facilities in

Black or African American neighborhoods (hereafter, underserved communities) than in

predominantly white neighborhoods (hereafter, better-served communities) (Pastor et al.

2001). Emerging research in Operations Management suggests that environmental injustice

extends beyond these location decisions. Specificaly, working papers by Shubham and

Subramanian (2025) and Cole and Muthulingam (2025) suggest that facilities operating

in underserved communities also have more toxic releases and adopt fewer toxic release

prevention measures than otherwise similar facilities in better-served communities. In this

paper, we focus on this operational dimension of environmental injustice and ask: If firm

operations systematically impose higher environmental costs on underserved communities,

what mechanisms—whether regulatory interventions or voluntary corporate governance

reforms—can help reduce these disparities?

Regulatory efforts to address environmental injustice have had limited success. For

example, President Bill Clinton’s Executive Order 12898 required federal agencies to

consider environmental justice in their missions (The White House 1994), but it lacked

specific action plans and enforcement mechanisms (Geltman et al. 2016, O’Neil 2007).

Moreover, such policies often fail to hold manufacturing firms directly accountable for

environmental harms (Bullard 1993). Recent policy shifts further complicate regulatory

efforts; in February 2025, the U.S. government scaled back its commitment to environmental

justice by closing the EPA’s Environmental Justice Offices and rolling back key protections

(Friedman Mar 11, 2025).

These policy setbacks point to the need for an alternate approach to tackling

environmental injustice, one where manufacturing firms and their facilities play a more
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central role. As companies and investors face increased accountability for environmental

cleanup costs at their facilities (e.g., through financial penalties, lower valuations, and

reputational damage), firm governance reforms have emerged as a potential solution to

bolster social and environmental performance and prevent environmental cleanup costs

(Chicago Sun-Times 2023, California Environmental Protection Agency 2022, Eccles et al.

2014).

In this paper, we investigate whether a specific firm governance reform—the

appointment of Chief Sustainability Officers (CSOs)—can result in the reduction of

environmental injustice. Since the early 2000s, firms have increasingly appointed CSOs

to lead their social and environmental initiatives and increase their credibility with

sustainability-focused stakeholders (Gupta et al. 2021, Arora et al. 2020). By shifting

the organizations attention towards environmental and social issues, CSOs may influence

manufacturing facilities to improve their environmental performance, such as by reducing

toxic releases. If such improvements are more substantial in underserved communities,

CSO appointments could also serve as a mechanism for reducing environmental injustice.

This premise rests on the assumption that CSO appointments improve environmental

performance. However, empirical evidence towards this assumption is limited with Fu

et al. (2020) finding that CSO appointments are associated with fewer socially irresponsible

activities but Kanashiro and Rivera (2019) finding that CSO appointments are associated

with higher toxic releases.

To address this puzzle, we first examine whether and to what extent CSO appointments

affect environmental performance, measured through toxic release volumes (RQ-1). Based

on the above arguments that CSOs shift firms’ attention toward environmental issues, we

hypothesize that CSO appointments lead to reduced toxic releases. We then investigate

whether CSO appointments help reduce environmental injustice by analyzing if their effect

is contingent on the community surrounding the facilities (RQ-2). Facilities in underserved

communities may operate further from their operating frontier (Schmenner and Swink 1998)
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due to these communities low socioeconomic power to influence environmentally concious

manufactruing operations (Diaz 2017, Taylor 1997). As a result, we hypothesize that such

facilities may realize greater improvements in environmental performance following a CSO

appointment, contributing to a reduction of environmental injustice.

We empirically examine these research questions using data on facility-chemical

level toxic releases of U.S. manufacturing facilities between 2000 and 2020 from the

Environmental Protection Agency’s (EPA) Toxic Release Inventory (TRI) program (EPA

2023b). Toxic releases are a well-established measure of environmental performance in both

the operations management (Dhanorkar et al. 2023, Muthulingam et al. 2022, Fu et al. 2019)

and the environmental injustice literature (Mohai and Saha 2007, Elliott et al. 2004). Our

sample includes facility-chemical level observations for 598 publicly traded companies—165

(28%) of which appoint a CSO during the sample period.

To answer our first research question, we use a two-way fixed effects (TWFE) regression

with matching to account for a firm’s endogenous decision to appoint a CSO. The matching

step ensures common support of the sample and mitigates potential bias arising from

endogenous treatment decisions (Calvo et al. 2023, Ertekin et al. 2021). Specifically, we

match facility-chemical observations from firms that appoint a CSO to those from firms that

do not, based on factors such as chemical type, community characteristics, total population

around the facility, regulatory pressure, and the likelihood that the parent firm appoints a

CSO. This likelihood is based on firm-level factors such as the firm size, the firm’s overall

emissions, and the firm’s broad ESG orientation. We find that CSO appointments do indeed

improve environmental performance. Specifically, our estimate indicates that toxic releases

decrease by 12% following the appointment of a CSO, relative to comparable facilities

without a CSO.

Next, to answer our second research question, about whether CSO appointments also

reduce environmental injustice by reducing toxic releases more at facilities in underserved

communities, we use a split sample analysis. Following previous research (e.g., Shubham and
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Subramanian 2025, Mohai and Saha 2007) and EPA guidelines, we measure how underserved

a community is by the proportion of Black or African American persons within a 1-mile

radius host neighborhood of a facility. Our results show that appointing a CSO reduces

toxic releases by up to 16% for facilities in underserved communities. However, we do not

find evidence of a reduction in toxic releases for facilities in better-served communities. This

heterogeneity in the effect of CSO appointment, in turn, reduces environmental injustice.

Our findings are robust to several additional analyses, such as accounting for the

staggered appointment of CSOs (Section 4.6.1), using alternative specifications to identify

underserved communities (Section 4.6.1) and considering different matching settings

(Section 4.6.1). We also consider and rule out several alternative explanations for our

main finding (Section 4.6.2).

Having established that CSO appointments are effective at combating environmental

injustice, we next investigate two potential mechanisms driving this outcome: source

reduction activities (i.e., minimizing toxic waste generation at the source) and waste

management processes (i.e., preventing the release of toxic waste into the environment).

Both mechanisms require significant resource investment but can effectively reduce toxic

releases (Li et al. 2025, Muthulingam et al. 2022). We find that facilities increase both source

reduction activities and waste management efforts following the appointment of a CSO.

Notably, this effect is driven by facilities in underserved communities, which aligns with our

theoretical framework and main findings. Together, these results suggest that appointing

a CSO enhances overall environmental performance while also addressing environmental

injustice by promoting greater adoption of resource-intensive pollution mitigation strategies

in underserved communities.

Our results contribute to theory, practice, and regulation in several ways. Our primary

theoretical contribution is to highlight the connection between firm governance reforms and

environmental injustice. First, we empirically establish the positive effect that appointing

a CSO has on environmental performance, a subject of debate in the CSO literature.
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Second, we show that appointing a CSO reduces environmental injustice by reducing the

toxic releases of facilities in underserved communities. In doing so, we answer the call

for more operations management research that considers issues of equity and inclusion in

the context of environmental performance (Kalkanci et al. 2019). We also contribute to

the emerging literature on the link between operations management and organizational

misconduct (Skilton and Bernardes 2022, Belavina et al. 2020) by highlighting the potential

of governance reforms (such as appointing a CSO) to address misconduct in the form of

environmental injustice.

For regulators, our research highlights the potential of encouraging firm governance

reforms as an alternative control mechanism. This appears particularly relevant nowadays

as the bodies tasked with protecting human health and the environment (e.g., the EPA)

face funding challenges that limit their ability to implement regulatory interventions.

For practitioners, our results suggest that social sustainability–conscious managers and

stakeholders should consider pushing their firms to create a dedicated CSO role. Doing so

may help direct the attention of decision-makers to social and environmental sustainability

issues and ultimately lead to improved sustainability performance.

4.2 Background

To ground our theoretical model, which links the appointment of a Chief Sustainability

Officer (CSO) to environmental performance and environmental injustice, we first discuss

the toxic release creation process. We then describe the historical context of environmental

injustice in the United States (see Mohai et al. 2009 for a comprehensive review) and expand

upon the role of CSOs.
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4.2.1 Toxic Releases

Manufacturing facilities generate toxic releases as an inevitable byproduct of transforming

raw materials into end products (Muthulingam et al. 2022). As illustrated in Figure 4.1,

these processes produce toxic waste, which, if not effectively managed, leads to toxic

releases—harmful pollutants discharged into the environment. The extent of these releases

depends on a facility’s operational choices regarding resource-intensive pollution reduction

strategies (Li et al. 2025).

Figure 4.1: Waste Generation Process Diagram

The diagram illustrates the toxic release generation process and the two mechanisms through which
facilities can prevent toxic releases. Figure adapted from Fu et al. (2019).

There are two main toxic release reduction strategies (Li et al. 2025, Fu et al. 2019):

source reduction and waste management activities. Source reduction activities (left, dashed

line in Figure 4.1) aim to minimize the generation of toxic waste at its origin. This can

be achieved by adopting cleaner production technologies, improving material efficiency,

or substituting hazardous inputs with safer alternatives. In contrast, waste management

(right, solid red line) focuses on controlling waste after it is generated through treatment,

recycling, or secure disposal methods such as containment in hazardous waste landfills.

Toxic waste that is not controlled through either of these strategies is then released into the
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environment. These toxic releases are the focus of our study.

4.2.2 Environmental Injustice in the United States

Environmental injustice in the United States traces back to the early 20th century, when

underserved communities, particularly those inhabited by Black or African American

persons, began to bear the brunt of industrial pollution and toxic releases (Taylor 1997).

Because these communities had limited socioeconomic power to resist, manufacturing firms

often targeted them when selecting sites for hazardous facilities (Diaz 2017, Taylor 1997).

Over the latter half of the 20th century, growing awareness of environmental injustice

prompted academic research on (and regulatory responses to) this situation.

One such stream of research focuses on quantifying the existence of environmental

injustice, revealing stark disparities in the location and operation of hazardous

manufacturing facilities. Studies show that facilities tend to operate in areas with higher

percentages of Black or African American persons (Chavis Jr. and Lee Charles 1987). For

example, Pastor et al. (2001) finds that for every 1% increase in the minority population

of a Los Angeles census tract, there is a corresponding 3% increase in the likelihood that

a toxic storage and disposal facility exists. Additionally, research shows that facilities in

underserved communities are more likely to experience toxic spill accidents (Elliott et al.

2004) and have up to 30% higher negative environmental impacts during routine operations

than those in better-served communities (Shubham and Subramanian 2025). Our data

aligns with these findings, indicating a strong correlation between a facility’s toxic releases

and the presence of Black or African American persons in its host neighborhood (Table 4.2

in Section 4.5).

Another research stream establishes market incentives, regulatory systems, and power

structures as the main cause of environmental injustice (Mohai et al. 2009). Specifically,

research shows that environmental injustice is caused by firms actively targeting underserved

communities when deciding where to operate their most harmful facilities; misguided
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regulations, such as decisions to create industrial zones in or near underserved communities

or unequal enforcement of regulations; and unequal socioeconomic power to resist

actions unfavorable to the host community (Diaz 2017, Mohai et al. 2009, Bullard

1993). Moreover, research now overwhelmingly dismisses other possible explanations for

environmental injustice such as the notion that underserved communities relocate into

the host neighborhood of highly hazardous facilities because of, say, lower property prices

(Mohai and Saha 2015, Pastor et al. 2001).

Even though the existence and causes of environmental injustice are well understood,

attempts to control it have failed. Evidence suggests that regulatory interventions, like

establishing the EPA’s Office of Environmental Justice or President Bill Clinton’s Executive

Order 12898, which mandated considerations of environmental injustice across federal

agencies, have not eliminated environmental injustice (Geltman et al. 2016, Mohai et al.

2009, O’Neil 2007).

Our study contributes to this literature by examining the effectiveness of appointing

Chief Sustainability Officers—a governance reform—to reduce the disproportionate toxic

releases by facilities in underserved communities as compared to their counterparts in

better-served areas. Governance reforms have proven effective in addressing misconduct

in other contexts (Palmer 2012), and Chief Sustainability Officers hold promise for

mitigating environmental injustice due to their potential positive influence on environmental

performance (Fu et al. 2020).

4.2.3 The Role of Chief Sustainability Officer

Chief Sustainability Officers (CSOs), also known as Chief Responsibility Officers or

Corporate Sustainability Executives, are key figures in the modern corporate governance

landscape. CSOs typically have a combination of education, experience, and skills relevant

to sustainability and corporate social responsibility and come from diverse backgrounds,

such as environmental functions, operations, or law (Miller and Serafeim 2014). While
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their specific titles and backgrounds may vary, their core role remains consistent: driving

sustainability within their organizations. Often part of a firm’s top management team, CSOs

are accountable for stimulating sustainable growth with limited resources (Fu et al. 2020,

Unruh 2015). For example, the ESG team at Verizon—a wireless and wireline technology

company with more than 130,000 employees—includes only seven people (Pagitsas 2022).

They have both external and internal responsibilities (Miller and Serafeim 2014).

Externally, CSOs manage relationships with stakeholders through activities like

non-financial reporting or engagement with non-governmental organizations (Unruh 2015),

thus acting as a bridge between the organization and its stakeholders to “report on progress

and tell the company’s story” (Pagitsas 2022), p.258), and thereby enhancing a firm’s

legitimacy with sustainability-conscious stakeholders (Gupta et al. 2021). Thus, appointing

a CSO signals a firm’s commitment to improving social and environmental performance

(Wiengarten et al. 2017b).

Internally, CSOs provide strategic direction and oversight on sustainability issues and

try to improve a firm’s sustainability performance (Gupta et al. 2021, Arora et al. 2020).

However, due to their limited resources, CSOs cannot improve sustainability performance

alone. Instead, most CSOs focus on integrating sustainability thinking into their firm’s

culture and promoting a collective effort toward this end (Kanashiro and Rivera 2019,

Unruh 2015). For instance, at Owens Corning, various operating units manage sustainability

initiatives under the guidance of the core sustainability team (Pagitsas 2022). Similarly,

Boeing’s CSO advances sustainability performance by incorporating environmental targets

into the standard business plans of operational units (Boeing 2008). Thus, CSOs achieve

sustainability improvements by fostering a culture of sustainability across the organization

and involving operating units in sustainability efforts. However, it remains unclear whether

most CSOs are successful in improving real and measurable sustainability metrics. Existing

studies suggest that appointing a CSO can lead to better environmental performance (Ebele

et al. 2023), no change in environmental performance except for sustainability leaders
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(Peters et al. 2019), or worse environmental performance (Kanashiro and Rivera 2019).

Our work helps address this ambiguity by examining a more granular outcome measure

(facility-level toxic releases) and using a more robust identification strategy.

4.3 Hypothesis development

Given the limited resources available to most CSOs, it is not self-evident how their

appointment at the firm level affects toxic releases at the facility level or why and how

this effect might vary by the type of community in a facility’s host neighborhood. We

argue that the attention-based view of the firm (Ocasio 1997, 2011) provides a theoretical

framework that connects firm-level governance reforms to facility-level outcomes. This

theory is gaining prominence in the operations management literature (Li et al. 2022,

Dhanorkar et al. 2018), and management scholars use it to understand actions spanning

organizational levels (Joseph and Wilson 2018, Rerup 2009).

4.3.1 Linking CSO Appointments to Environmental Performance

At its core, the attention-based view argues that the actions of an organization are the

result of the attention focus of its decision-makers (Li et al. 2022, Ocasio 1997). Ample

empirical evidence supports this claim. For instance, Li et al. (2022) argue that firms that

focus on risk issues enhance their risk management capabilities and reduce risk exposure.

Similarly, Dhanorkar et al. (2018) demonstrate that when regulatory inspections focus

decision-makers’ attention on environmental concerns, they respond by implementing more

environmental improvement initiatives. Likewise, Muthulingam et al. (2022) show that

decision-makers focused on wasteful production practices implement measures to reduce

toxic releases. In short, organizations act on the issues that capture their decision-makers’

attention. In our context, if decision-makers become more focused on environmental issues,

they are more likely to reduce toxic releases through greater source reduction activities and
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improved waste management (see Figure 4.1).

This raises the question of which issues decision-makers focus on. At any given time,

decision-makers can only allocate their attention to a limited set of priorities amidst

numerous competing challenges and strategic directions (Ocasio 1997, Bouquet et al.

2009). Manufacturing managers, for example, must balance issues such as cost-quality

trade-offs, worker safety, technological advancements, and environmental impact. The

relative importance of these priorities is shaped by the firm’s external environment and

internal attention structure (Ocasio 2011, 1997). For example, in Muthulingam et al. (2022),

severe water shortages shift managerial attention toward reducing wasteful production

practices. Similarly, in Li et al. (2022), the appointment of a Chief Risk Officer redirects

attention toward risk management by altering the firm’s attention structure. In our context,

appointing a CSO is expected to reshape the firm’s attention structure by elevating the

importance of environmental issues.

The attention structure includes roles, individuals in those roles, rules governing the

behavior of decision-makers, and available resources (Ocasio 1997). Appointing a CSO,

represents a significant change within this structure because it introduces a new role and a

new individual to the firm’s top management team. This change, whether through informal

signals or formal adjustments, sends a message to decision-makers at all levels of the

organization. It marks sustainability as integral to the company’s overarching strategy

which increases the perceived importance of sustainability issues like toxic releases and

makes it more likely that decision-makers focus their attention on them (Gupta et al.

2021, Arora et al. 2020). The shift may occur informally, through managerial cues, or

formally, via adjustments in performance goals or incentives. A notable example is Boeing’s

appointment of Mary Armstrong as Vice President of Environment, Health, and Safety in

2007. Following her appointment, Boeing incorporated ambitious five-year environmental

targets into its operating units’ business plans, including a 25% reduction in toxic releases

at major manufacturing facilities (Boeing 05/04/2007, 2008). This case illustrates how
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appointing a CSO can reorient facility-level attention toward sustainability objectives, such

as reducing toxic emissions.

Taken together, our theoretical discussion suggests that the importance of sustainability

issues such as toxic releases might increase following the appointment of a CSO. In turn,

local decision-makers might increase their focus on toxic release issues, which makes them

more likely to implement measures to reduce toxic releases. We formalize this argument

with the following hypothesis:

Hypothesis 1 Appointing a Chief Sustainability Officer reduces toxic releases.

4.3.2 Exploring the Moderating Role of Underserved Communities

Attention to sustainability issues also provides insight into why facilities in underserved

communities tend to report higher toxic releases than those in better-served communities

and how the impact of CSO appointments may vary depending on the type of community

surrounding a facility.

The attention-based view suggests that decision-makers focus their attention on issues

that they perceive as important, which is shaped not only by internal factors but also

by external stakeholders, such as local communities (Ocasio 1997). Such communities

can collectively take actions that benefit their well-being (Diaz 2017, Mohai and Saha

2015). This includes leveraging local facilities to reduce their toxic release volume or even

persuading firms to avoid establishing facilities in certain neighborhoods (Taylor 1997).

However, the effectiveness of such actions depends on socioeconomic factors closely linked

to a community’s economic and racial composition, with underserved communities often

having less influence than better-served ones (Diaz 2017, Mohai and Saha 2015, Taylor

1997).

This disparity has long been recognized. For example, a 1984 report advised California’s

Waste Management Board that “middle and higher-socioeconomic strata neighborhoods
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should not fall at least within the one-mile and five-mile radii” of waste-to-energy facilities

because they “possess better resources to effectuate their opposition” (Powell 1984, p.26).

Although this report is decades old, contemporary observations still indicate that firms

see underserved communities as “the path of least resistance” for hazardous operations

(Scurlock 2021, Diaz 2017). Consistent with this logic, emerging evidence suggests that

facilities in underserved communities engage less in source reduction and waste management

activities, likely reflecting lower managerial attention to these issues (Cole and Muthulingam

2025, Shubham and Subramanian 2025).

Importantly, this historical lack of attention may also explain how the impact of

CSO appointments may vary depending on the type of community surrounding a facility.

Facilities in underserved communities that have implemented fewer source reduction and

waste management activities in the past may be operating further from their environmental

performance frontier, making it easier for them to improve their performance once they

focus on toxic release issues. According to the operating frontier theory (Schmenner and

Swink 1998), a facility’s operating frontier represents its maximum achievable performance

within a given set of operating choices, existing plant design, and investment constraints.

Improving performance becomes increasingly difficult the closer a facility gets to this

frontier. Thus, facilities with a history of attention to toxic release issues—such as those in

better-served communities—may have already implemented easy source reduction activities

or waste management processes, making additional improvements more resource-intensive.

Conversely, facilities in underserved communities, which have previously paid less attention

to these issues, may find it easier and less resource-intensive to reduce toxic releases once

their attention shifts—for example, following the appointment of a CSO that redirects

attention toward toxic release issues. Taken together, these arguments suggest the following

hypothesis:

Hypothesis 2 Appointing a Chief Sustainability Officer reduces toxic releases more for
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facilities in underserved communities than for those in better-served communities.

If supported, Hypothesis 2 implies that CSO appointments could help narrow disparities

in toxic exposure between communities, thereby reducing environmental injustice.

4.4 Data and Empirical Strategy

4.4.1 Data

To test our hypotheses, we require information on various aspects of firms, their

environmental impact, and their governance structures. Obtaining and integrating this

information presents significant challenges because it is only available from diverse sources

without common identifiers. This challenge may have contributed to the previously mixed

findings about the environmental effect of appointing a CSO. Here, we detail our main data

sources and how we connect them.

First, we need detailed data on toxic releases of individual facilities and the firms to

which they belong. We obtain this data from the EPA’s Toxic Release Inventory (TRI).

This dataset provides information for over 650 chemicals and is a commonly used measure

of the environmental impact of manufacturing firms (Muthulingam et al. 2022, Dutt and

King 2014). Each observation in the data corresponds to the release quantity of a specific

chemical for a specific facility, which allows us to answer our research question at the

facility-chemical level. Additionally, the data includes information on facility-level Dun &

Bradstreet identifiers, addresses, longitude and latitude, and the parent company’s name

(e.g., Boeing, Owens Crowning, or Exxon Mobil). Second, we identify the presence of

Chief Sustainability Officers (CSOs) in our sample firms, using the comprehensive board

composition and governance information available in the BoardEx database (Fu et al. 2020).

We link these datasets using a link table provided by Xiong and Png (2019) and the Dun

& Bradstreet identifiers in the TRI data.
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Beyond these core datasets, we also obtain data from Compustat, Thomson/Refinitiv,

the U.S. Decennial Census, the U.S. Census American Community Survey, the League of

Conservation Voters, and the MIT Election Data and Science Lab to enrich our analysis

with additional firm-level and contextual information. We link the Compustat data to the

TRI data using the methods described above. We link the TRI data to Thomson/Refinitiv

using fuzzy name matching via OpenRefine (the matching protocol and log file are available

upon request). Finally, we link all other datasets using facility address information.

We restrict our sample to facilities of publicly traded firms in the contiguous U.S. for

which a BoardEx record exists. Our sample period is from 2000 to 2020. Our unit of

analysis is the facility-chemical year, which is consistent with prior research using the TRI

data (Muthulingam et al. 2022, Dutt and King 2014).

4.4.2 Variables

Below we introduce the variables used in our study (Table C.1 provides an overview).

Dependent Variable

Toxic Releasescit: Consistent with the literature, our main dependent variable is the total

toxic releases of chemical c for facility i in year t (Li et al. 2025, Muthulingam et al. 2022,

Dutt and King 2014).1 Toxic releases are the last and least preferable level in the EPA’s

waste management hierarchy because they are most harmful to the environment and the

communities surrounding a plant (EPA 2023b). To facilitate the interpretation of our

coefficients, we measure Toxic Releasescit in thousands of pounds. The higher this variable,

the more toxic releases a facility produces. We winsorize the variable at 1% on the upper

tail to reduce the influence of reporting errors or outliers.

1We deviate from past research by measuring the outcome in levels and not as a logarithmic
transformation. The reason is that—contrary to Muthulingam et al. (2022) and Dutt and King (2014)—we
use a two-way fixed effects empirical strategy. By definition, parallel trends for this strategy only hold for
one but never both functional forms, and they are more likely to hold for outcomes measured in levels (Roth
et al. 2023).
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Treatment Variable

After CSO Appointmentjt: We measure whether a firm has a CSO using an indicator variable

that takes the value of one for every year t after firm j first appoints a CSO, and is zero

otherwise. Following Fu et al. (2020), we identify CSO appointments from the BoardEx

database based on job titles containing “sustainability,” “sustainable,” “responsibility,”

“ethics,” or “environment.” Our theory suggests that creating the CSO role alters a firm’s

attention structures, ultimately affecting toxic releases. Therefore, we use the first year of

appointment as our treatment (Li et al. 2022). This holds even if firms subsequently change

CSOs, operate for a year without a CSO, or integrate the CSO role into another functional

area. Our results are robust to only considering years in which a firm has an active CSO

(see Section C.9). In our sample, 165 of 598 firms created a CSO role between 2000 and

2020.

Moderating Variables

Our key moderating variable, Underserved Communityit, identifies neighborhoods with a

significant proportion of Black or African American persons. We classify a neighborhood

as underserved (Underserved Communityit = 1) if it falls above the 50th within-state

percentile of Black/African Americanit, and as better-served (Underserved Communityit =

0) otherwise. This threshold aligns with the EPA’s methodology for identifying communities

that may require additional environmental policy attention in its Environmental Justice

Screening Tool (EPA 2022).2 Our results remain robust when applying alternative cutoffs

or incorporating economic factors (see Section 4.6.1).

To compute the percentile of Black/African Americanit, we first compute the percentage

of persons identifying as only Black or African American within a facility’s host

2The EPA discontinued the EJScreen tool on February 5, 2025, but a restored version is currently available
at https://screening-tools.com/epa-ejscreen.

https://screening-tools.com/epa-ejscreen
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neighborhood as:

% Black/African Americanit =
Black or African Americanit

Total Populationit
. (4.1)

We then follow EPA guidelines (EPA 2022) and convert the raw percentages (ranging

from 0% to 100%) into percentiles based on the state’s distribution of % Black/African

Americanit. This approach facilitates interpretation and reflects local demographic

differences between states (Shubham and Subramanian 2025).

One challenge with computing these measures is selecting an appropriate host

neighborhood (Mohai and Saha 2015). A common approach is to use the characteristics

of a facility’s geographical host unit, such as state, county, zip code area, or census tract

(Shubham and Subramanian 2025). However, these methods fail to account for a facility’s

exact location within its host unit or its proximity to neighboring units (Mohai and Saha

2015, Chakraborty et al. 2011). To address this limitation, we use an areal apportionment

method, defining the host neighborhood as a 1-mile radius around each facility (Mohai

and Saha 2015, 2007). We estimate the demographic characteristics within this radius

by computing the weighted average of the census block groups intersecting the area. The

demographic data is sourced from the 2000 Decennial U.S. Census, the 2010-2014 American

Community Survey (ACS), and the 2018-2022 ACS. A detailed explanation of this procedure

is provided in Section C.2 of the E-Companion.

Control Variables

Production Ratiocit: Consistent with prior research (Muthulingam et al. 2022, Dutt and

King 2014), we account for changes in a facility’s production volume. Toxic releases, being

a byproduct of manufacturing activity, vary following changes in the production volume of

the underlying product. For instance, if the production volume of product p, which results

in the release of chemical c, decreases by 10%, we expect a corresponding 10% decrease in
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toxic releases of chemical c. To account for this, TRI reports the Production Ratiocit as the

ratio of the production in year t to the production in year t− 1. We winsorize the variable

at 1% on both tails to reduce the influence of reporting errors or outliers.

Toxicity Ratiocit: Following prior work (Muthulingam et al. 2022, Dutt and King 2014),

we control for changes in a facility’s toxin intensity. To compute this variable, we create

a toxicity-weighted sum of all chemical releases by facility i in year t. We use the toxicity

rating for each chemical from the EPA’s Risk Screening Environmental Indicators (RSEI)

model as weights. Then, we compute the toxicity ratio for a given facility in year t as

the natural logarithm of its toxicity-weighted chemical releases in that year divided by its

toxicity-weighted chemical releases in the previous year.

Tenure Certifying Officialcit: In line with Dutt and King (2014), we account for the

tenure (in years) of the certifying official as continuity in this position might help facilities

reduce their toxic releases (Muthulingam et al. 2022). The certifying official is the individual

who signed the TRI submission form for a specific facility and chemical, certifying its

accuracy and completeness. We compute this variable by counting the number of successive

years in which the same official signs the TRI submission for chemical c in facility i. A higher

variable value indicates more years with the same official submitting the information.

Tenure Technical Personcit: Following Dutt and King (2014), we control for the tenure

(in years) of the technical person associated with the chemical c at facility i. The technical

person is the contact person in the TRI data (Muthulingam et al. 2022). Similar to

the tenure of the certifying official, we compute the variable by counting the number of

subsequent years in which the TRI submission lists the same contact person.

Environmental Management Systemit: Another potential influence on toxic releases is

the presence of an environmental management system (EMS). The EPA defines an EMS as

a framework that “helps an organization achieve its environmental goals through consistent

review, evaluation, and improvement of its environmental performance.” (EPA 2023a). We

code Environmental Management Systemit as a binary variable that takes the value of one
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if facility i uses an EMS in year t. Following Muthulingam et al. (2022), we infer the usage

of an EMS from reported source reduction activities in the last three years.

Regulatory Pressureit: Prior research on firm governance and toxic releases suggests that

regulatory pressure might influence the impact of CSOs, who become more effective if firms

face strict environmental regulations (Kanashiro and Rivera 2019). Therefore, we control

for regulatory pressure, measured as the extent to which U.S. House of Representatives

members from the state in which facility i is located vote in favor of more stringent

environmental regulations in year t. This data comes from the League of Conversation

Voters (LCV), and it measures environmental regulatory pressure (Kanashiro and Rivera

2019, Delmas and Toffel 2008, Kassinis and Vafeas 2002).

Republican Vote in Countyit: Research shows that Republican voters are generally

less supportive of environmental causes (Dunlap and McCright 2008, Dunlap et al. 2001).

Therefore, the political orientation of those living around and working at a facility might

influence the issues that decision-makers focus on. We control for this effect using the

Republican vote in a facility’s county, measured as the percentage of Republican voters in

presidential elections, which we collect from the MIT Election Data and Science Lab.

Total Populationit: The number of people living in a facility’s host neighborhood might

influence its toxic releases. Facilities in sparsely populated neighborhoods might have higher

releases than those in densely populated neighborhoods (Shubham and Subramanian 2025).

Therefore, we include the total population in the 1-mile radius host neighborhood as a

control.

Black/African Americanit: Because local communities influence toxic releases, we also

account for their direct influence on toxic releases by including the percentile of Black or

African American persons around facility i in year t in the analysis.
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4.4.3 Primary Empirical Strategy

We use a two-way fixed effects (TWFE) regression approach with matching as our primary

empirical strategy to estimate the effect that appointing a CSO has on toxic releases. In

Section 4.6 we also use other empirical strategies to validate the robustness of our results.

The TWFE with matching approach requires data from two groups: a treatment group

and a control group. In our case, the treatment group is the facility-chemical pairs belonging

to the 165 parent companies that create a CSO role between 2000 and 2020. The control

group is the facility-chemical pairs belonging to the parent companies that do not create a

CSO role during our sample period.

An inherent challenge in our context is the endogeneity of firm governance choices

(Shaver 1998). Firms decide to create a CSO role with the expectation that the CSO

will impact their environmental performance in a way that differentiates them from firms

that choose not to create a CSO role. Following recent empirical operations management

studies (Calvo et al. 2023, Dhanorkar et al. 2023, Ertekin et al. 2021), we account for

this selection into treatment within the TWFE framework by creating a matched sample

of facility-chemical pairs in the treatment and control groups. Specifically, we conduct

matching to create balanced comparison groups, mitigating potential biases arising from

the non-random assignment of CSOs to firms.

To implement the matching, we first compute a propensity score that predicts the

conditional probability of appointing a CSO based on the parent firm’s (i) Refinitiv’s

ESG score (a score from “A+” to “D-” that combines information about environmental,

social, and corporate governance performance), (ii) Refinitiv’s emissions score (a score from

“A+” to “D-“ that evaluates a firm’s emissions), (iii) Refinitiv’s controversies score (a

score from “A+” to “D-“ that evaluates a firm’s ESG-related controversies), and (iv) size

(measured as the natural logarithm of total assets). We then conduct coarsened exact

matching (CEM) using this propensity score, Total Population, Black/African American,
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and Regulatory Pressure, while exactly matching on the type of chemical (e.g., Ethylene

to Ethylene and Chlorine to Chlorine) and the type of host neighborhood community.

This accounts for any systematic differences between chemicals, such as their toxicity, or

between facilities in different types of communities. Our results are robust to using a variety

of matching settings and variables (see Section 4.6.1). Figure 4.2 compares the propensity

score density distributions for the treated and control groups (see Figures C.2 and C.3 in

the E-Companion for variable balances).

Figure 4.2: Balance Plots Displaying the Likelihood to Appoint a CSO

The figure plots the distribution of the likelihood (i.e., the propensity score) of parent firms
appointing a CSO for facility-chemical pairs in the treatment and control groups. The left sub-figure
displays a histogram of the distributional densities, the middle sub-figure displays the empirical
cumulative distribution function, and the right sub-figure displays overlapping density plots. Within
each sub-figure, the left display titled “Unmatched Sample” shows the balance of the sample before
treatment, and the right display titled “Matched Sample” shows the balances after matching. Together,
the plots indicate that facility-chemical pairs in the unmatched sample for which the firm appoints a
CSO, on average, have a higher likelihood of appointing a CSO than facility-chemical pairs in the
control group. These differences disappear in the “Matched Sample.”

Figure 4.2 shows that there are two strong concentrations in the unmatched sample.

Many facility-chemical pairs for which the parent firm never appoints a CSO have a

low propensity to do so, as evident by the spike in the white distribution around 0.25.

Conversely, those facility-chemical pairs for which the parent firm eventually appoints a

CSO exhibit a high propensity to do so, indicated by the spike in the dark distribution

around 0.75. This imbalance disappears in our matched sample, which includes a majority
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of facility-chemical pairs with a low to medium propensity to appoint a CSO. Our matched

sample includes 125,878 facility-chemical year observations.

For the TWFE approach itself, we use the matched sample and compare the difference

in toxic releases of facility-chemical pairs in the treatment group before and after appointing

a CSO to the difference in toxic releases of the facility-chemical pairs in our control group.

Specifically, we estimate the following model:

Toxic Releasescit = δ ∗After CSO Appointmentjt + β ∗Xcit +αci + γt + λj + ϵcijt, (4.2)

where Toxic Releasescit is our measure of chemical-facility level environmental performance.

After CSO Appointmentjt is a treatment indicator that equals one after the appointment

of a CSO for any facility-chemical pair belonging to firm j, and is zero before. Xcit

is a vector of control variables, αci are chemical-facility fixed effects, γt are year fixed

effects, λj are firm fixed effects, and ϵcijt is the error term. We cluster the standard

errors at the facility level. A negative estimate of δ would support Hypothesis 1, that

appointing a CSO reduces toxic releases. We test whether appointing a CSO has a

disproportional effect on toxic releases at facilities in underserved communities (relative to

those in better-served communities) by splitting the sample into two sub-samples, one for

facilities in underserved communities (Underserved Communityit=1) and one for facilities

in better-served communities (Underserved Communityit=0). A more negative estimate of

δ in the underserved communities sub-sample would support Hypothesis 2, that appointing

a CSO reduces toxic releases more for facilities in underserved communities.
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4.5 Results

4.5.1 Model-Free Evidence

Table 4.1 presents descriptive statistics and correlations for the matched sample. Notably,

Black/African American is positively correlated with toxic releases (0.02; p < 0.05),

suggesting that facilities in underserved communities pollute more relative to those in

better-served communities.

Table 4.1: Descriptive Statistics and Correlations of Matched Sample

Variable Mean SD Min Max 1 2 3 4 5 6 7 8 9 10 11

1. Toxic Releases (in 1,000s lb) 22.42 75.24 0.00 466.68 .
2. After CSO Appointment 0.18 0.38 0.00 1.00 .04 .
3. Production Ratio 1.06 0.46 0.00 4.81 -.01 -.04 .
4. Toxicity Ratio 0.88 1.12 0.00 18.52 -.01 -.03 .09 .
5. Tenure of Cert. Official 3.21 2.62 1.00 21.00 .00 .11 -.03 -.04 .
6. Tenure of Tech. Person 3.92 3.39 1.00 21.00 .02 .06 -.05 -.05 .43 .
7. EMS 0.13 0.33 0.00 1.00 -.02 -.04 -.01 -.02 -.03 -.03 .
8. Regulatory Pressure 39.56 18.93 0.00 100.00 -.06 -.03 -.01 -.01 -.02 -.03 .03 .
9. Republican Vote in County 52.70 14.74 0.00 90.13 .08 -.04 .00 .01 .02 .02 .00 -.38 .
10. Total Population (in 100s) 55.85 74.47 0.01 673.18 .03 .02 -.01 -.01 -.01 -.01 .00 -.05 .01 .
11. Black/African American 62.31 20.88 2.00 100.00 .02 .03 -.01 .00 .01 .00 .01 -.01 .03 .27 .

Note. These summary statistics are based on the matched sample used for the main analyses. Bolded
values indicate a significance level of < 0.05.

To further underscore the presence of environmental injustice and evaluate the effect

of appointing a CSO, we next present model-free evidence. Table 4.2 shows the average

toxic releases of facilities in underserved and better-served communities before and after

the appointment of a CSO for firms that eventually appoint a CSO. Each cell in the table

represents the average toxic release for a specific subgroup. As seen in Columns (7) and (8),

facilities in underserved communities tend to have higher toxic releases, further pointing to

the existence of environmental injustice.

Furthermore, facilities in both underserved and better-served communities have lower

toxic releases following the appointment of a CSO (Columns 3 and 6), supporting

Hypothesis 1. However, the relationship is stronger for facilities in underserved communities,

leading to an overall decrease in the inequality of toxic releases (Column 9). This indicates
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a reduction in environmental injustice and supports Hypothesis 2.

Table 4.2: Model-Free Evidence of the Effect of CSO Appointments on Toxic Releases

Better-Served Underserved Differences between
Communities Communities Communities

Pre Post Post-Pre Pre Post Post-Pre Pre Post Post-Pre
(1) (2) (3) (4) (5) (6) (7) (8) (9)

Toxic Releases (in 1,000s lb) 30.91 25.24 −5.67 40.00 29.58 −10.42 9.09 4.34 −4.75
Note. The table presents model-free evidence on the effectiveness of appointing a CSO on toxic release.

It reports the mean values and differences for facilities of firms that eventually appoint a CSO. We do not
include statistics for facilities of firms that do not appoint a CSO because no pre- and post-period exists
for these firms. The positive differences in columns (7), calculated as (4)-(1), and (8), calculated as (5)-(2),
support the environmental injustice claim by highlighting that facilities in underserved communities omit
more toxic releases. The negative difference of differences in column (9), calculated as (8)-(7), indicates
that following the appointment of a CSO, the toxic releases of facilities in underserved communities become
closer to those of facilities in better-served communities, reducing environmental injustice.

4.5.2 Main Results

While Table 4.2 provides preliminary evidence of the effectiveness of appointing a CSO, it

has a notable limitation. It solely compares toxic releases before and after the appointment

within facilities that eventually appoint a CSO, potentially overlooking broader trends in

toxic release reduction over time. For instance, if facilities had generally reduced their toxic

releases since 2000, then we would observe similar trends in Columns (1) through (6) even

if appointing a CSO had no effect. Similarly, if facilities in underserved communities with

high levels of toxic releases were simply ripe for improvement, then we would observe similar

trends in Columns (9) even if appointing a CSO had no effect.

We address these limitations with our TWFE identification strategy, in which we use the

matched sample of facilities that do not appoint a CSO as a control group. This approach

allows us to control for differences in the volumes of toxic release and any general time

trends in toxic release reduction. Table 4.3 displays the results of this analysis. Column (1)

is our baseline model, which includes only the treatment variable, plus the facility-chemical

and year fixed effects. In column (2), we add the control variables, and in column (3)
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we add firm fixed effects. Columns (4) and (5) present the split sample analysis for

facilities in better-served and underserved communities, respectively. In all models, the

coefficient for After CSO Appointmentjt represents the effect of appointing a CSO for those

facility-chemical pairs in our matched sample where the parent firm created a CSO role.

We focus on the results in columns (3) to (5) in discussing the results.

Table 4.3: TWFE Results of the Effect of CSO Appointments on Toxic Releases

Hypothesis 1 Hypothesis 2†

DV: Toxic Releases (in 1,000s lb) (1) (2) (3) (4) (5)

After CSO Appointment −4.601** −4.589** −4.582** −1.046 −6.352***
(1.444) (1.425) (1.428) (1.692) (1.910)

Production Ratio 1.547*** 1.547*** 0.941* 1.799***
(0.359) (0.359) (0.403) (0.474)

Toxicity Ratio 0.424*** 0.422*** 0.319 0.461***
(0.107) (0.107) (0.208) (0.127)

Tenure of Certifying Official 0.450*** 0.450*** 0.248 0.517***
(0.119) (0.120) (0.186) (0.148)

Tenure of Technical Person 0.005 0.005 0.037 −0.007
(0.100) (0.100) (0.205) (0.110)

Environmental Management System 0.812 0.813 0.262 1.000
(0.822) (0.824) (1.078) (1.086)

Regulatory Pressure 0.022 0.022 −0.026 0.038
(0.040) (0.040) (0.052) (0.051)

Republican Vote in County 0.076 0.076 −0.162 0.160*
(0.064) (0.064) (0.100) (0.077)

Total Population (in 100s) −0.119 −0.119 −0.012 −0.131
(0.096) (0.096) (0.162) (0.106)

Black/African American 0.061 0.060 0.048 −0.055
(0.083) (0.083) (0.087) (0.147)

Facility-Chemical Pair FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Firm FE No No Yes Yes Yes

Sample All All All
Better-Served
Community

Underserved
Community

Num.Obs. 125,878 125,878 125,878 43,412 82,466
R2 0.852 0.852 0.852 0.876 0.843

Note. The table presents the results of a two-way fixed effects regression with toxic releases in 1000
pounds as the dependent variable. The unit of analysis is facility-chemical-year. The coefficient for After
CSO Appointment, a binary treatment indicator, in column (3) corresponds to a 12.3 percent reduction
in toxic releases compared to the average level of the treated group before CSO appointment. Clustered
standard errors in parentheses. * p < 0.05; ** p < 0.01; *** p < 0.001.
†: The coefficients for After CSO Appointment in columns (4) and (5) are significantlt different with a
z-score of 2.079 (p = 0.038).

Examining the control variables, we find that Black/African American is not positively
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correlated with toxic releases, which contrasts with the correlation in Table 4.1. This

difference arises because Table 4.3 includes facility-chemical fixed effects, which control for

differences across facilities and focus on variation within facilities over time. These findings

are consistent with environmental injustice research that shows that while demographic

variation between facilities is linked to differences in toxic releases, there is little demographic

change within a facility over time (Mohai and Saha 2015, Pastor et al. 2001).

Hypothesis 1 predicts that appointing a Chief Sustainability Officer reduces toxic

releases. Table 4.3 shows that facilities belonging to firms that create a CSO role

subsequently reduce their toxic releases. Specifically, column (3) indicates that appointing

a CSO leads to a reduction of -4.582 (p < 0.01) in toxic releases—a 4,582 pounds or 12.3%

reduction from average toxic release levels before CSO appointment. Thus, we find support

for Hypothesis 1.

Next, we examine the effect of CSO appointments on environmental injustice.

Hypothesis 2 predicts that appointing a CSO decreases toxic releases more for facilities in

underserved communities than for those in better-served communities, leading to reduced

environmental injustice. The results in Table 4.3 support this hypothesis. The results in

columns (4) and (5) show that facilities in better-served communities reduce their toxic

releases to a lesser degree than those in underserved communities (i.e., −1.046; p > 0.05

vs. −6.352; p < 0.001). The difference between both coefficients is statistically significant

(p < 0.05).

To facilitate the interpretation of this result, we plot the marginal effects of a

regression in which we interact After CSO Appointmentjt with Black/African American

and (Black/African American)2 in Figure 4.3. This shows that the marginal effect of CSO

appointments is not significantly different from zero for facilities with low percentiles for

Black/African American. However, as Black/African American increases, the decrease in

toxic releases due to CSO appointments becomes more pronounced. Together, these results

indicate that CSO appointments contribute to reducing environmental injustice by being
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more effective for facilities in underserved communities.

Figure 4.3: Marginal Effect Plot for the Moderating Effect of Black/African
American

The figure plots the marginal effects of appointing a CSO conditional on Black/African
American. The regression specification is:
Toxic Releasescit = δ ∗ After CSO Appointmentjt + δm1 ∗ After CSO Appointmentjt ∗
Black/AfricanAmericanit+δm2 ∗After CSO Appointmentjt ∗ (Black/AfricanAmericanit)

2+
(Black/AfricanAmericanit)

2 + β ∗Xcit + αci + γt + λj + ϵcijt.

4.6 Robustness Checks and Mechanism Analyses

We conduct additional analyses to further bolster our results. First, we conduct four

robustness checks to validate our findings. Second, we considered several alternative

explanations for the reduction in toxic releases following CSO appointments, and show

that our results are unlikely to be an artifact of these other factors. Third, we explore

two potential mechanisms through which appointing a CSO might influence toxic releases:

source reduction activities and waste management efforts.
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4.6.1 Robustness Checks

We conduct four robustness checks to validate our findings. First, we replicate our main

analysis using Sun and Abraham’s (2021) estimator. This allows us to evaluate the parallel

trends assumption and explicitly account for the time variation of CSO appointments

across firms (i.e., staggered treatment timing). Second, we repeat our main analysis with

alternative definitions of Underserved Communityit. Third, we run a specification analysis to

ensure the robustness of our findings across different matching settings. Finally, we conduct

a placebo analysis to determine the likelihood of our results being driven by chance.

Parallel Trends and Staggered Treatment Timing

Not all firms appoint CSOs at the same time. On the one hand, this staggered (or

differential) treatment timing alleviates any concerns that a shock that happened in the

same year as the treatment drives our results. On the other hand, econometricians

have recently shown that the TWFE model—our main identification strategy—could be

biased under staggered treatment timing (Roth et al. 2023, Sun and Abraham 2021). To

address this concern, we use a dynamic treatment effects event study that corrects for

staggered treatment timing (Sun and Abraham 2021). Specifically, Sun and Abraham’s

(2021) estimator accounts for possible heterogeneity between different CSO appointment

years. This method entails interacting CSO appointment year indicators with dummy

variables that indicate the relative time before and after the appointment of a CSO. It

then creates weighted averages of the treatment effects based on the sample shares of each

CSO appointment year cohort. We present the results as an event plot (Figure 4.4) and

regression table (Table 4.4).

Focusing on the time before the CSO appointment in Figure 4.4 allows us to evaluate

the parallel trends assumption that underpins the validity of our identification strategy.

The parallel trends assumption means that in the absence of a CSO appointment, the toxic
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Figure 4.4: Event Plot of the Effect of CSO Appointments on Toxic Releases

This figure shows the dynamic treatment effects for five years before and five years after the
appointment of a Chief Sustainability Officer (CSO). The y-axis reports coefficients and 95% confidence
intervals for toxic releases (in 1,000 pounds). The x-axis shows the relative years from the CSO
appointment with negative values indicating years before appointment.

releases of facility-chemical pairs in the treatment group would have followed a similar

trend as those of facility-chemical pairs in the control group. While the assumption cannot

be tested for the post-treatment period, we can evaluate its validity in the pre-treatment

period. Consistent with the parallel trends assumption, the estimates for the years before

appointing a CSO appear to develop in parallel. We also find no significant pre-treatment

trends in a linear model of the pre-appointment periods (see Table C.2 in the E-Companion).

Together, the visual inspection and linear regression indicate that before the appointment

of a CSO, the trends for treated facility-chemical pairs where the parent firm appoints a

CSO at event-time 0 are not different from those facility-chemical pairs in the control group.

This instills confidence that, in the absence of a CSO appointment, the trends for the two

groups would have been parallel in the post-treatment period.

For the post-treatment period, the event study plot illustrates a downward trend in

toxic releases following the appointment of a CSO. This supports our theoretical arguments

by indicating that the effect of CSO appointments on toxic releases is gradual rather

than immediate. Table 4.4 presents the estimator’s aggregated coefficients. By showing
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that appointing a CSO remains associated with a significant decrease in toxic releases

(−3.933; p < 0.001), even after explicitly accounting for the staggered treatment timing,

the results support Hypothesis 1. The effect remains stronger for facilities in underserved

communities (−5.235; p < 0.001) than for those in better-served communities (−1.507; p >

0.05), supporting Hypothesis 2.

Table 4.4: Dynamic Treatment Effect of CSO Appointments on Toxic Releases

DV: Toxic Releases (in 1,000s lb) (1) (2) (3)

After CSO Appointment −3.933*** −1.507 −5.235***
(1.060) (1.111) (1.438)

Controls Yes Yes Yes
Facility-Chemical Pair FE Yes Yes Yes
Year FE Yes Yes Yes
Firm FE Yes Yes Yes

Sample All
Better-Served
Community

Underserved
Community

Num.Obs. 100,666 35,464 65,202
R2 0.878 0.904 0.868

Note. The table presents the results of a dynamic treatment effects event study estimation following Sun
and Abraham (2021) with toxic releases as the dependent variable. The controls include all variables from
Section 4.4.2. Clustered standard errors in parentheses. * p < 0.05; ** p < 0.01; *** p < 0.001

Alternative Measures of Underserved Communities

Next, we validate the robustness of our results to different definitions of underserved

communities. Instead of relying solely on the share of Black or African American individuals

within a 1-mile radius, we account for both racial and income characteristics. Additionally,

we vary the host neighborhood radius (i.e., one and three miles) and cutoff values (i.e.,

50th and 80th percentile) to classify underserved communities. Across these alternative

specifications, our main results hold: appointing a CSO is associated with a reduction in

toxic releases, with stronger effects observed in underserved communities (E-Companion

Table C.3).
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Alternative Matching Specifications

Our empirical strategy involves creating a matched sample of facility-chemical pairs in the

treatment and control groups to account for the decision to appoint a CSO. While this

practice follows recent empirical research in operations management, it raises the question

of whether our matching settings drive our results. We therefore test the robustness of our

findings using a specification analysis in which we re-run our analysis using 40 different

matching settings and matching variables. Figure C.4 in the E-Companion shows that our

results are robust across various matching settings, bolstering confidence in our findings.

Placebo Analysis

The staggered appointment of CSOs in our data alleviates concerns that an industry-wide

shock that happened in the same year as the appointment drives our results. We

implement a placebo analysis to further reduce concerns that our results might be driven

by chance (Dhanorkar and Muthulingam 2020, Dhanorkar 2019). In this analysis, we

assign observations to the treatment or control group by randomly allocating a CSO

appointment year at the firm level. Figure C.6 in the E-Companion displays the distribution

of coefficients for ‘After CSO Appointment’ that we obtain by re-estimating Equation (4.2)

in 500 pseudo-samples. Our main estimate from column (3) in Table 4.3 is the 34th largest

negative value, yielding a p-value of 0.068. The estimated effect of appointing a CSO

for facilities in underserved communities (Column 5, Table 4.3) is the 18th largest negative

value, giving a p-value of 0.036. Together, these results indicate that our results are unlikely

due to chance.

4.6.2 Alternative Explanations

Our study investigates whether appointing a Chief Sustainability Officer (CSO) leads to

reductions in toxic releases, particularly in underserved communities. We argue that a
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CSO appointment shifts a firm’s attention toward sustainability, which, in turn, enhances

environmental performance. Crucially, we do not claim that CSOs actively target reductions

in environmental injustice; rather, these reductions emerge as a byproduct of (1) increased

attention to the issue of toxic releases and (2) the fact that facilities in underserved

communities have greater potential for emission reductions when sustainability becomes a

priority because they are further from their operating frontier. However, the findings could

also be explained by other explanations. We consider three such alternative explanations

below.

Shifts in a firm’s environmental priority. First, toxic release reductions may result

from a broader shift in a firm’s environmental priorities—potentially driven by regulatory

pressures or public scrutiny—rather than the CSO appointment itself. In this scenario,

appointing a CSO would be part of a larger strategic effort rather than the primary driver

of improved environmental outcomes. While we account for this possibility in the matching

step by including ESG score and ESG controversies as matching variables, we further

test this explanation here by employing an instrumental variable approach that isolates

exogenous variation in CSO appointments. Specifically, we instrument CSO appointments

using the proportion of directors serving on boards of other firms with a CSO (e.g.,

Ambulkar et al. 2023, Wowak et al. 2021) (see Section C.9 for a detailed explanation of this

procedure and the validity of the instrument). If toxic release reductions were primarily

driven by broader environmental initiatives, IV estimates would differ significantly from our

main results. However, as shown in Table C.4, the CSO coefficient remains negative and

significant (−9.266; p < 0.001), with an even stronger effect in underserved communities

(−11.446; p < 0.001). This supports the argument that CSO appointments independently

contribute to toxic release reductions.

Non uniqueness of CSO effect. Second, even if the reductions are not due to a broader

shift in environmental priorities, they may not be unique to CSO appointments. Other

firm-level interventions designed to increase environmental awareness—such as forming



102

an ESG committee (Bifulco et al. 2023, Mackenzie 2007)—could yield similar results.

ESG committees oversee sustainability policies, monitor compliance, and assess CSR risks

(Mackenzie 2007), potentially influencing facility-level decision-making similarly to a CSO.

However, ESG committees operate at a higher governance level and should have a weaker

effect. To test this, we repeat our analysis using the formation of an ESG committee as

the treatment condition. If ESG committees had a comparable impact, it would suggest

that CSOs are not uniquely responsible for toxic release reductions. However, as shown in

Table C.5 in the E-Companion, ESG committees are not associated with reductions in toxic

releases—regardless of community type. These findings underscore that not all governance

interventions designed to heighten sustainability awareness produce the same effects and

reinforce the distinct role of CSOs.

Outsourcing production of harmful substances. Third, firms might achieve

toxic release reductions by decreasing production volume or outsourcing operations

rather than improving environmental practices. For example, in 2015, DuPont sold a

Chloroprene-producing facility to Denka shortly after the EPA classified Chloroprene as

a carcinogen (Hersher 2018). To control for production-related shifts, our models include

Production Ratiocit as a control variable. Additionally, to test whether outsourcing or facility

closures drive our results, we conduct an alternative analysis using Production Ratiocit as

the dependent variable. If firms were merely shifting production elsewhere, we would expect

a negative and significant coefficient for After CSO Appointmentjt. However, as shown in

Table C.6, this is not the case, indicating that our findings are not driven by production

displacement.

By addressing these alternative explanations, we improve our understanding of how

CSO appointments influence environmental outcomes. While our main findings suggest

that CSOs play a distinct role in reducing toxic releases, we take further steps to isolate

their effect by accounting for alterantive explanations. These additional analyses bolster our

confidence that appointing a CSO contributes directly to reducing toxic releases, particularly
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in underserved communities.

4.6.3 Mechanism Analysis

Next, we examine the mechanisms through which appointing a CSO affects toxic releases.

Our theoretical framework suggests that a CSO appointment increases decision-makers’

attention to toxic release issues, prompting them to reduce toxic releases through either

source reduction activities, waste management activities, or both (see Figure 4.1).

Increase in Source Reduction Activities

Source reduction activities involve modifications to products, raw materials, or production

processes that decrease the total waste generated during production. For example, Safran

Landing Systems, an aircraft parts manufacturer in Kentucky, reduced its ethylene releases

by optimizing pipe-cleaning processes (EPA 2018). Thus, facilities aiming to reduce their

toxic releases must actively alter their production or management processes. We test this

mechanism using information from the TRI Pollution Prevention reporting (Muthulingam

et al. 2022, Dutt and King 2014).

Facilities can voluntarily report the types of activities they undertake to reduce toxic

releases (Dutt and King 2014). Using this data, we construct a new dependent variable,

Source Reduction Activitiescit, which represents the number of source reduction activities

implemented by facility i for chemical c in year t, ranging from 0 to 4. We use this variable

to test whether facilities adopt more source reduction activities after a CSO appointment.

A challenge with this data is that reporting source reduction activities is not mandatory.

Consequently, missing reports may indicate either a lack of implementation (true zeros) or

a failure to report (structural zeros). Despite this limitation, prior research successfully

utilizes this data in toxic release studies (Muthulingam et al. 2022, Dutt and King

2014). To address this issue, we apply a two-stage Heckman selection model (Certo

et al. 2016, Heckman 1976). First, we estimate the probability of a facility reporting
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pollution prevention activities using a probit regression and compute the Inverse Mills

Ratio. Following Muthulingam et al. (2022), we assume that facility j is likely to report

source reduction activities if it has an environmental management system (i.e., if it has

reported pollution prevention information for any chemical in the past three years). If so, a

zero value for Source Reduction Activitiescit reflects a true zero; otherwise, it is considered

a structural zero. We then include the Inverse Mills Ratio in our outcome regression to

correct for selection bias (Certo et al. 2016, Heckman 1976). Table 4.5, Panel (a), presents

the results of this analysis.

The results indicate that facilities within firms that appoint a CSO implement more

source reduction activities (0.036; p < 0.01). Split-sample analysis reveals that this

effect is driven by facilities in underserved communities. Specifically, in better-served

communities, CSO appointments have no statistically significant impact on source reduction

activities (Column 2). In contrast, facilities in underserved communities exhibit a significant

increase in source reduction activities after a CSO appointment (0.045; p < 0.01), an effect

approximately one-third larger than that observed in the full sample. These findings suggest

that facilities in underserved communities become more attentive to toxic release issues

following a CSO appointment.

Increase in Waste Management Activities

Beyond source reduction activities, facilities can also reduce toxic releases through waste

management activities (Li et al. 2025, Fu et al. 2019). While source reduction focuses on

minimizing waste at the point of generation, waste management addresses pollutants after

they have been produced. These activities include treatment, recycling, or other processes

designed to prevent waste from entering the environment (see Figure 4.1). Facilities employ

a range of technologies and practices to achieve this, such as chemical treatments that

neutralize hazardous substances, filtration systems that capture airborne pollutants, and

recycling initiatives that repurpose waste materials. For example, Owens Corning reduced
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its waste by implementing a new “wet waste recycling” process that allowed the company

to recover waste fibers from process water streams (Owens Corning 2024).

To empirically test whether CSO appointments lead to more waste management efforts,

we construct a new dependent variable, Waste Managementcit, which captures the amount

of waste managed by facility i for chemical c in year t (Li et al. 2025). We substitute this

variable for toxic releases in Eq. (4.2) and present the results in Table 4.5, Panel (b).

The findings indicate that CSO appointments are associated with a significant increase

in the quantity of managed waste (11.236; p < 0.01), suggesting that facilities respond to

CSO appointments by investing in additional pollution control technologies and processes.

This effect is stronger for facilities in underserved communities (16.040; p < 0.001) than for

those in better-served communities (2.029; p > 0.05).

Together, the findings in Table 4.5 identify two plausible mechanisms through which

CSO appointments influence toxic releases. Facilities within firms that appoint a CSO

increase both source reduction activities and waste management efforts. Moreover,

consistent with the observed stronger reductions in toxic releases among facilities in

underserved communities, these effects are more pronounced in these areas. These findings

underscore the role of CSOs in driving environmental improvements through both preventive

and reactive pollution control mechanisms.

4.7 Discussion and Conclusion

Facilities in underserved communities have higher toxic releases than those in better-served

communities (Diaz 2017, Mohai et al. 2009). In this paper, we investigated whether firm

governance reforms, specifically the appointment of a Chief Sustainability Officer (CSO),

can alleviate this environmental injustice. We examined whether and to what extent CSO

appointments affect toxic releases (RQ 1) and whether the effect is contingent on the

community (i.e., underserved vs. better-served) surrounding the facilities (RQ 2).
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Our empirical findings are consistent with our theoretical arguments. Toxic releases

decrease significantly following the appointment of CSOs, and this effect is more pronounced

for facilities in underserved communities, which reduces environmental injustice. Two

mechanisms drive these results. Following CSO appointments, facilities in underserved

communities implement more source reduction activities and increase the usage of waste

management activities. Taken together, our theoretical arguments and empirical evidence

advance research and practice in several ways.

First, we examine the effect that appointing a top management team member like a CSO

has on facility-level outcomes. This is especially relevant because much of the existing work

on top management team appointments in general, and CSO appointments in particular,

examines firm-level outcomes such as financial performance (Arora et al. 2020, Wiengarten

et al. 2017b) or aggregate environmental outcomes (Fu et al. 2020, Kanashiro and Rivera

2019). Among these studies, the study by Kanashiro and Rivera (2019) is the closest to

our setting. It examines the relationship between CSO appointments and firm-level toxic

releases and finds that CSO appointments are associated with higher toxic releases. In

contrast, our more granular outcome measures and our two-way fixed effects identification

strategy allow us to reveal that, while firms with poor environmental performance might be

more likely to appoint a CSO, the appointment itself improves environmental performance

by reducing toxic releases.

Second, we advance research on environmental injustice by providing evidence of the

power of firm governance reforms to address it. Most research in the environmental

injustice literature focuses on descriptive analysis to understand its existence (Mohai

and Saha 2015, Pastor et al. 2001) and applied policy analysis to understand the

impact of regulatory interventions (Geltman et al. 2016, O’Neil 2007). In contrast, our

analysis builds on the understanding that manufacturing firms significantly contribute to

environmental injustice and should therefore be part of the solution. Our results support

this argument. We find that CSO appointments not only affect overall environmental
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performance but also contribute to environmental justice by being more effective in

underserved communities. In doing so, we also contribute to the emerging literature

that explores organizational misconduct through an operations management lens (Skilton

and Bernardes 2022, Belavina et al. 2020). Specifically, we show that while regulatory

interventions—one often-referenced mechanism to control organizational misconduct—seem

unsuccessful in this context, governance reforms—another popular control mechanism—can

effectively control organizational misconduct in the form of environmental injustice.

These findings about the effect of CSO appointments prompt an interesting question:

Does the effect of appointing a CSO differ depending on the characteristics of who fills

the office? Factors like CSO gender and race could both have a significant impact on the

outcomes. For example, top management team member gender has been shown to influence

firm outcomes, with female officers often connected with more socially desirable outcomes

such as faster product recalls (Wowak et al. 2021) or a more proactive environmental agenda

(Kumar and Paraskevas 2018). Figure C.7 in the E-Companion explores this question by

examining toxic release reductions across CSOs of different racial and gender identities.

The results suggest that appointments of non-White CSOs are associated with greater

reductions in toxic releases compared to their White counterparts, while no significant

difference is observed between male and female CSOs. Although this analysis is exploratory

and should not be interpreted as causal, it highlights a potentially important direction for

future research on the intersection of leadership diversity and environmental outcomes.

Beyond these research contributions, our study has three main practical implications.

First, sustainability-conscious managers and stakeholders should consider pushing their

firms to create a dedicated CSO role. Our study, together with the existing research

on CSOs, reinforces the notion that appointing a CSO improves both environmental

and financial performance. This is particularly pertinent since investors are becoming

increasingly concerned about the regulatory and legal ramifications of the environmental

practices of their portfolio companies. For example, in 2021, investors urged leading
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chemical companies to discontinue the production of certain hazardous substances,

estimating the potential future liabilities from such chemicals at $25–40 billion (Jessop

2021). Since investors cannot directly monitor or control the actions of their investee

companies, a CSO can serve as an intermediary safeguarding their interests.

Second, our results should encourage policymakers to shift their focus from regulatory

interventions to firm governance reforms in order to address environmental injustice. While

presidential executive orders have fallen short, our findings suggest that decisions such as

appointing a CSO can contribute to a more environmentally just society. Thus, regulators

should explore ways to encourage firms to contribute to environmental justice other than

requiring government agencies to consider such issues in their actions.

Third, our results contribute to the achievement of the 2030 Agenda for U.N. Sustainable

Development Goals to reduce inequality within and among countries.3 By highlighting the

potential of firm governance reforms to address inequalities such as environmental injustice,

our findings provide policymakers with a potential mechanism to reduce inequality within

countries.

One limitation of our study is that we focus on toxic releases of publicly traded U.S. firms

because of the availability of data. These firms have a greater propensity to pollute than

private firms (Shive and Forster 2020), highlighting the practical significance of our findings.

However, the impact of appointing a CSO might differ for private or non-U.S.-based firms.

For example, CSOs might be more effective in smaller firms because they can be more

involved in day-to-day operations. As such, we caution against generalizing our results to

other contexts without carefully considering contextual differences. Future research could

explore the relationship in other settings, if more data becomes available. Second, matching

before the TWFE regression eliminates many facility-chemical pairs with a high propensity

to appoint a CSO from the analysis. This might reduce the generalizability of our findings

to facilities with a high likelihood of CSO appointments at the firm level. We address this

3See https://sdgs.un.org/goals/goal10

https://sdgs.un.org/goals/goal10
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through our instrumental variable analysis in Section C.9, which relies on the unmatched

sample and provides similar results. Nevertheless, we encourage caution when generalizing

our results. Third, our theory suggests that decision-makers need to focus their attention

specifically on toxic release issues to reduce toxic releases. However, focusing on a specific

set of issues can come “at the expense of other[s]” (Bouquet et al. 2009), p.113). Whether

the improvement in toxic releases comes at the expense of other operational outcomes, such

as productivity or worker safety, is outside the scope of our study but offers a promising

avenue for future research.

In conclusion, we revisit our initial overarching questions: what mechanisms can help

reduce environmental injustice in the form of disproportionate toxic releases in underserved

communities? Firm-governance reforms, particularly the decision to appoint a CSO, play

a critical role in shaping a firm’s environmental performance. Given that environmental

injustice often stems from a lack of attention to environmental issues by facilities in

communities that lack the socioeconomic power for change, governance reforms that change

the attention structures within firms prove effective in achieving environmental justice.

Thus, in a time when institutional protections for human health and the environment

are weakening, it appears that Chief Sustainability Officers can inadvertently help protect

vulnerable communities against environmental harm.



Chapter 5

Improving Inspection Resource

Allocation to Control

Organizational Misconduct

5.1 Introduction

Recent advances in machine learning have made it possible to predict organizational

outcomes using publicly available data, including retail sales (Cui et al. 2018, Steinker

et al. 2017), serious drug recalls (Ball et al. 2025), and organizational misconduct (Johnson

et al. 2023, Campbell and Shang 2022, Mejia et al. 2019). Yet while the accuracy of these

predictions has been a major focus, an important but less explored aspect is how they can

be used to improve operational decision-making (Cui et al. 2018, Steinker et al. 2017).

The question of how predictions might improve decision-making is especially important

for regulators aiming to prevent misconduct through inspections (Johnson et al. 2023).

Consider the case of restaurant hygiene violations (Mejia et al. 2019): local health

departments conduct inspections to detect and deter hygiene violations, as non-conformance

111



112

with hygiene regulations contributes to tens of millions of foodborne illnesses, hundreds of

thousands of hospitalizations, and hundreds of deaths annually in the U.S. (Centers for

Disease Control and Prevention 2022, Mead et al. 1999). These inspections are effective

because they interrupt the natural decay of adherence to regulations over time (Mohliver

2019, Anand et al. 2012). However, limited resources make continuous inspections infeasible

(Mejia et al. 2019), forcing regulators to make strategic decisions about when and where to

inspect—often with limited visibility into which establishments are most likely to violate.

Predictions can reduce this uncertainty and have the potential “to make an inspection

program even more effective” (Mejia et al. 2019, p. 1364). This promise has prompted

several studies predicting the presence of restaurant hygiene violations (e.g., Farronato and

Zervas 2022, Siering 2021, Mejia et al. 2019, Kang et al. 2013). Yet, how such predictions can

be systematically integrated into inspection planning remains underexplored. For example,

recent work by Johnson et al. (2023) shows that not all predictive models lead to improved

inspection outcomes, highlighting the need to evaluate not just what we can predict, but

how we can use those predictions. Because of this uncertainty, most regulators continue

to make choices based on simple heuristics, such as examining establishments at regular

intervals (Mohliver 2019, Farronato and Zervas 2022). This discrepancy between predictive

potential and current practice prompts the following question: How should regulators

optimally allocate limited inspection resources to reduce restaurant hygiene violations based

on predicted inspection outcomes?

To answer this question, we integrate empirical machine learning (ML) predictions about

the presence of hygiene violations with a prescriptive resource allocation decision model to

formulate a decision framework for allocating inspection resources. Figure 5.1 displays the

details of the resulting framework. The prediction step uses gradient-boosted regression

trees (GBRT) (Chen and Guestrin 2016, Friedman 2001, Friedman et al. 2000) to predict

the likelihood of violations based on information about the time since the last inspection,

past inspection outcomes, Yelp review information, and establishment characteristics. The
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prescription step builds on the fact that—in the absence of inspections—operational routines

decay over time (Mohliver 2019, Anand et al. 2012, Vaughan 1999). This allows us to

model the misconduct progression of a single establishment as a Markov chain and to

formulate the resource allocation problem as a capacity-constrained interactive partially

observable Markov decision process (I-POMDP) (Gmytrasiewicz and Doshi 2005). We

then apply Lagrangian relaxation to decouple the inspection decisions between different

establishments and implement an index policy to allocate inspection resources. We evaluate

the effectiveness of our approach using data from restaurant hygiene inspections conducted

by the Southern Nevada Health District (SNDH) between 2012 and 2019.

Figure 5.1: Framework: Integrating Predictions into Resource Allocation Decisions

Notes. † Yelp Characteristics include: American (New), Asian Fusion, Barbecue, Bars, Breakfast &
Brunch, Burgers, Cafes, Chicken Wings, Chinese, Coffee & Tea, Delis, Deserts, Event Planning & Services,
Fast Food, Italian, Juice Bars & Smoothies, Mediterranean, Mexican, Nightlife, Pizza, Salad, Seafood,
Specialty Food, Sports Bars, Sushi Bars, Thai.

Our findings regarding the prediction step show that it is possible to predict

the unobserved hygiene-compliance state of establishments using information from past

inspections and Yelp reviews. Specifically, we find that combining time since the last

inspection (1 in Figure 5.1), previous inspection results (2), review text information (3),

and restaurant characteristics (3) yields the best predictions. However, we also demonstrate

that interpreting the predictions is not always intuitive, which may diminish their usefulness

for decision-making. For instance, predicting a 30% risk of a hygiene violation implies that
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the establishment is more likely to violate hygiene regulations than to comply with them.

We account for this uncertainty in the I-POMDP resource allocation model.

Our findings regarding the prescription step show that machine learning predictions

alone can be valuable in making inspection resource decisions but that regulators can make

inspection programs substantially more effective by combining data-driven prediction with

model-based planning. Specifically, we find that allocating inspection resources based on

predictions alone provides a 63% relative improvement over a regular inspection interval.

However, combining predictions with model-based planning in our ML INDEX policy

provides an additional 48% relative improvement over a prediction-only policy.

Our study contributes to multiple streams of literature. First, we extend the research on

predicting organizational misconduct by demonstrating how machine learning predictions

can be operationalized to enhance regulatory decision-making. In doing so, we introduce

I-POMDPs to the operations management (OM) community as a viable framework for

modeling multi-agent decision problems under uncertainty. Second, we contribute to

the study of organizational misconduct from an OM perspective by formalizing the

relationship between routine conformance decay and misconduct progression. While

prior work has recognized misconduct as routine non-conformance (Vaughan 1999) and

documented the decay of routine conformance over time (Anand et al. 2012), no research

has explicitly modeled these dynamics as a Markov process. This modeling approach

enables simulation-based evaluation of regulatory interventions, addressing the critical gap

in research on misconduct prevention strategies (Palmer 2012). Finally, we contribute to the

literature on social and environmental responsibility audits (e.g., Ha et al. 2023, Zhang et al.

2022, Caro et al. 2018), where firms use audits and penalties to enforce responsible behavior

among suppliers. While our data is from a restaurant context, our setting mirrors this

dynamic, as regulators oversee compliance through inspections. Thus, it appears promising

to model social and environmental responsibility as a Markov chain or to explore whether

supplier responsibility violations can be predicted and whether these predictions can be
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used to improve audit resource allocation decisions.

Regarding the practical application, our resource allocation policy can be easily

implemented using open-source or widely available software, such as R, Python, or Julia.

It can support regulators in optimizing their resource allocation decisions so that they

can increase their level of misconduct detection and prevention with the current resources

or maintain their current detection and prevention levels with reduced resources. The

policy extends beyond the restaurant context to other contexts with multiple underlying

misconduct severity states and limited inspection resources. Thus, the policy can have

implications for all regulators that conduct inspections such as the Occupational Safety

and Health Administration (OSHA), the U.S. Food and Drug Administration (FDA), the

Environmental Protection Agency (EPA), the Centers for Medicare & Medicaid Services

(CMS), and many others as well as their international counterparts.

5.2 Literature Review

Our research is closely related to three literature streams: organizational misconduct

as routine non-conformance, prediction of organizational misconduct, and operations

management studies exploring the role of machine learning in operational decision-making.

5.2.1 Organizational Misconduct and Routine Conformance Decay

Organizational misconduct refers to behavior within or by firms that a regulator judges to

transgress the line separating right from wrong (Greve et al. 2010). Most empirical research

on organizational misconduct has focused on its drivers and consequences, while potential

mitigation strategies remain underexplored (Palmer 2012). A key aspect of misconduct

is the decay of operational routines (Anand et al. 2012), which is a primary driver of

non-conformance (Mohliver and Ody-Brasier 2023, Vaughan 1999).
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Vaughan (1999) introduced the idea that misconduct often stems from routine

non-conformance, while Anand et al. (2012) demonstrated that operational routines are

prone to decay. Their findings highlight that inspections–—one of the key tools regulators

use to detect and prevent misconduct (Muthulingam et al. 2022)—–can help renew

organizational focus on routine conformance. More recently, Mohliver and Ody-Brasier

(2023) provided additional evidence for routine conformance decay in the context of nursing

home violations. They find that religious nursing homes experience more severe infractions

during routine inspections. This occurs because religious nurses file fewer complaints to

regulators, increasing the time facilities operate without oversight and allowing violations

to escalate (Mohliver and Ody-Brasier 2023). Importantly, prior research indicates that the

rate of decay is not uniform but varies across organizations (Mohliver and Ody-Brasier 2023,

Anand et al. 2012). We build on these insights by modeling the progression of restaurant

hygiene violations as a Markov chain in Section 5.5.

5.2.2 Predicting Organizational Misconduct

The prediction of inspection outcomes and organizational misconduct has been of interest

in public health (e.g., Schomberg et al. 2016) and computer science (e.g., Kang et al.

2013), and it has recently gained traction in management science (e.g., Ball et al. 2025,

Campbell and Shang 2022, Mejia et al. 2019, Chang and Wu 2021, Cecchini et al. 2010).

Ball et al. (2025) examined whether drug review sentiment is associated with the hazard of

serious drug recalls. Campbell and Shang (2022) examined whether employee reviews on

Glassdoor can predict organizational misconduct, finding that these reviews are indicative of

both prosecuted misconduct and whistleblower complaints. Similarly, Cecchini et al. (2010)

showed that financial statement data can predict management fraud, while Chang and Wu

(2021) demonstrated that waste gas data can be used to detect environmental violations.

Within the restaurant industry, studies have shown that online reviews are predictive of

hygiene inspection outcomes (Farronato and Zervas 2022, Siering 2021, Mejia et al. 2019),
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and consumers respond to online hygiene signals (Hou et al. Forthcoming, Farronato and

Zervas 2022). Many of these studies recognize the regulatory potential of predictive models.

For instance, (Campbell and Shang 2022, p. 7035) suggest that corporate managers and

external stakeholders could use such predictions “to detect any ongoing acts of misconduct

and manage the risks of future misconduct.” However, most studies stop short of detailing

how regulators can integrate these insights into operational decision-making.

A notable exception is Johnson et al. (2023), who examined how OSHA allocates

inspection resources. OSHA currently selects establishments for random inspection based

on injury rates from the previous two years. Johnson et al. (2023) propose using

machine learning predictions of workplace injuries to refine this selection process. Their

results show that targeting establishments based on predicted injuries could significantly

reduce workplace safety violations compared to OSHA’s current approach. However,

they also found that targeting establishments based on predicted treatment effects (i.e.,

expected inspection effectiveness) was less successful due to lower prediction accuracy.

Our study builds on this finding by demonstrating that when machine learning predictions

replace prior beliefs about organizational misconduct states, poor predictions can lead to

suboptimal regulatory decisions. In contrast, our machine learning based index policy

(ML-INDEX) allows regulators to augment their prior beliefs with machine learning

predictions, mitigating the risk of erroneous forecasts while capitalizing on accurate ones.

5.2.3 Machine Learning in Operations Management

Operations management research has increasingly explored the role of machine learning in

optimizing operational decisions (e.g., Cui et al. 2018, Ye et al. 2015). Most studies in

this domain use machine learning to predict an outcome of interest, which then informs

decision-making. For example, Ang et al. (2016) predicted emergency department wait

times, allowing hospitals to optimize patient flow and reduce overcrowding.

The studies most relevant to our work are Steinker et al. (2017), Cui et al. (2018),
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Kamalzadeh et al. (2021), and Mukherjee et al. (2025), which integrate machine learning

predictions with new sources of information and evaluate the value they have on operational

decisions. Steinker et al. (2017) use weather data to forecast sales, helping e-commerce

firms optimize logistics and warehousing. Cui et al. (2018) leverage social media data

to forecast daily sales, which allows retailers to improve their pricing and promotion

decisions. Both Mukherjee et al. (2025) and Kamalzadeh et al. (2021) develop a machine

learning-driven decision framework for diabetes care. They propose methods that integrate a

partially observable Markov decision process and machine learning risk modeling to optimize

screening policies (Kamalzadeh et al. 2021) and patient engagement (Mukherjee et al. 2025).

Their results demonstrate how predictive modeling can be effectively incorporated into

a formal decision-making framework to improve resource allocation. Our study builds

on this literature by examining the role of machine learning in optimizing regulatory

decision-making in the context of organizational misconduct. Specifically, we address a

classification problem, whereas prior studies (e.g., Cui et al. 2018, Steinker et al. 2017)

predominantly focused on continuous outcomes. We also incorporate multiple agents’

actions, whereas prior studies (e.g., Mukherjee et al. 2025, Kamalzadeh et al. 2021) only

allow for regulator actions to affect the underlying state of the world.

In summary, existing research indicates that operational routines decay over time,

leading organizations to violate rules and regulations such as restaurant hygiene standards.

These violations become more likely and severe as more time passes since a state of routine

conformance. Regulators inspect organizations to renew their focus on compliance and

detect violations. However, while regulators can observe an organization’s compliance state

at the last inspection and understand that compliance likely deteriorates over time, they

lack real-time knowledge of an organization’s current state when making inspection resource

allocation decisions. Researchers have begun addressing this problem by using predictive

models to estimate misconduct risk. Yet, how these predictions can be systematically

integrated into operational decision-making—particularly in the context of inspection
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resource allocation–—remains underexplored. We build on these insights when developing

a theoretical model that describes the occurrence of restaurant hygiene violations and when

demonstrating how predictions can be leveraged to optimize resource allocation decisions.

5.3 Empirical Setting and Data

5.3.1 Health Inspections in the Restaurant Industry

Food safety and hygiene are critical aspects of the restaurant industry that have significant

implications for public health (Jin and Leslie 2003). Health departments conduct inspections

to evaluate restaurants’ adherence to health and safety guidelines. In the Las Vegas area, the

Southern Nevada Health District (SNHD) is responsible for inspecting food establishments

and enforcing health regulations. The inspection process, grading scale, and points of

emphasis of the SNHD compare favorably to other cities in which different aspects of the

restaurant health inspection process have been studied, such as Los Angeles (Jin and Leslie

2003, Ho et al. 2019), Louisville (Makofske 2020), New York (Farronato and Zervas 2022,

Mejia et al. 2019, Ho 2012), Seattle (Kang et al. 2013), or San Diego (Ho 2012).

In Las Vegas, each restaurant is inspected at least once annually, or more frequently

when necessary, to ensure compliance with SNHD Regulations Governing the Sanitation

of Food Establishments (Southern Nevada Health District 2010). Restaurants that violate

hygiene regulations recive fines and must undergo re-inspection within 15 business days.

This approach is consistent with practices in other jurisdictions (Farronato and Zervas

2022, Mejia et al. 2019) and similar inspection regimes, such as those for nursing homes

(Mohliver 2019) and FDA plant inspections (Ball et al. 2017).

The inspection process is highly standardized. Upon arrival, inspectors conduct a visual

assessment of the restaurant, identifying potential hygiene or sanitation issues. Using a Food

Establishment Inspection Report (FEIR, see Appendix D.1), inspectors evaluate critical

aspects such as food storage, preparation, handling procedures, general cleanliness, and the
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condition of cooking equipment. Consistent with the district’s emphasis on mitigating the

public health costs associated with foodborne illness, inspectors prioritize factors that may

contribute to such risks (Southern Nevada Health District 2023).

Inspections result in a grade based on the number of demerits recorded in the FEIR.

The demerit system ranges from 0 to 41+, with higher scores indicating poorer compliance

with health regulations. Critical violations, such as spoiled or adulterated food, add 5

demerits, while major violations, such as improper sanitation of kitchenware, add 3 demerits.

Restaurants with 10 or fewer demerits receive an “A” grade, those with 11 to 20 demerits

receive a “B” grade, and those with 21 to 40 demerits receive a “C” grade. Restaurants

accumulating more than 41 demerits are closed immediately until all issues are resolved. In

this study, we use the inspection grade as our dependent variable such that anything other

than “A” grades are considered violations.

5.3.2 Data

We use two primary data sources. First, we collect restaurant inspection data for Las

Vegas from 2012 to 2019 (Southern Nevada Health District 2022). The dataset contains

detailed inspection results, including restaurant identifiers, demerit counts, grades, inspector

IDs, and inspection outcomes. It also contains inspection timing, including dates for

re-inspections following routine inspections. The SNHD publishes inspection results online

within five days of the inspection date.

To enrich the analysis, we combined the inspection data with Yelp restaurant reviews

from the Yelp Open Dataset (Yelp Inc. 2021). This dataset includes more than 6.9 million

reviews across 150,000 businesses in 11 metropolitan areas, including Las Vegas. We

matched reviews to inspection records using Yelp’s business match API and restaurant

details like name, address, city, and zip code. To predict hygiene violations, we use reviews

posted between the most recent inspection (routine or re-inspection) and the current routine

inspection date, taking into account review text and star ratings.
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Table 5.1 summarizes the dataset’s descriptive statistics. These show a 63% increase

in the number of restaurants from 1,728 in 2012 to 2,819 in 2019. Inspection capacity has

kept up with this growth, with each restaurant being inspected twice a year on average.

The average number of Yelp reviews per inspection cycle increased by 160%, from 19.56 to

50.80. This reflects the growing influence of online review platforms.

Table 5.1: Descriptive Statistics of Raw Data

Measure 2012 2013 2014 2015 2016 2017 2018 2019

Restaurants Count 1728 1953 2133 2319 2438 2564 2700 2819
Inspectors Count 73 71 75 91 103 100 93 99
Inspections Count 3225 3984 4179 4868 4923 5312 5739 5934
Inspections / Week Count 61 75 79 92 93 102 108 112
Inspections / Restaurant Mean 1.87 2.04 1.96 2.10 2.02 2.07 2.13 2.11
Inspections / Restaurant SD 0.93 1.11 1.06 1.10 1.00 0.99 1.10 1.07
Reviews / Inspections Mean 19.56 24.13 34.05 44.27 48.21 51.81 56.42 50.80
Reviews / Inspections SD 39.17 43.07 55.72 73.13 80.52 80.18 89.36 82.17

5.3.3 Variable Definition

Outcome Variable: Hygiene violations

We operationalize hygiene violations (our outcome variable) as a binary variable indicating

whether a restaurant received a grade of “B” or lower. This approach has several benefits.

First, SNHD inspection records make it very transparent which activities are considered

violations, providing a good measure of the underlying nefarious behavior by restaurants.

Second, violations detected during health inspections are associated with possible fines and

the posting of grade cards, which, if less than an “A” grade, could decrease consumer

demand (Jin and Leslie 2003). Thus, restaurant owners have a vested interest in avoiding

these violations.
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Features

To evaluate the predictive value of various information types, we define four distinct feature

sets based on the existing hygiene violation prediction literature (e.g., Farronato and Zervas

2022, Siering 2021, Mejia et al. 2019, Kang et al. 2013). The first feature set, Time-Only

(1 in Figure 5.1), contains only the time elapsed since the last inspection. The second

set, Inspection-Record, adds information about previous inspection outcomes, including the

lagged outcome, grade, and demerit count. The third set, Review-Information, adds detailed

Yelp review data. Finally, Full-Model adds restaurant characteristics obtained from Yelp,

such as cuisine type (e.g., Mexican, Chinese) and establishment category (e.g., Bar, Deli).

We provide an overview of these features in Table D.1 and describe the Yelp review-based

features used for Review-Information below.

Count of Reviews For each inspection, we calculated the number of Yelp reviews

posted since the previous inspection. Reviews may provide indirect signals of misconduct

(Kang et al. 2013). To account for variations in the time between inspections, we scaled

the number of reviews by the number of weeks since the last inspection.

Average Star Rating Yelp reviewers assign a one-to-five-star rating along with a

written review of the restaurant. We computed the average star rating for reviews posted

since the last inspection, as prior research suggests this metric may be a potential predictor

of misconduct (Siering 2021).

Bad Reviews While the average star rating provides an overall sentiment, it does not

capture variability in consumer perceptions. To address this, we calculated the number of

low-star ratings (defined as three stars or fewer). This measure is based on the premise that

consumers dissatisfied with a restaurant’s hygiene are more likely to leave lower ratings.

Review Text We also analyzed the text of Yelp reviews as a predictor of misconduct

(Siering 2021, Kang et al. 2013). We used a lasso-penalized multinomial inverse

regression framework to project review text onto our misconduct metrics, resulting in a
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low-dimensional review text score for each restaurant inspection observation (Taddy 2015,

2013b). Previous studies have used this model to predict misconduct from employee reviews

(Campbell and Shang 2022) and to assess the usefulness of Yelp reviews in signaling

restaurant hygiene violations (Farronato and Zervas 2022). To develop this review text

score, we used data from inspections conducted between 2012 and 2015. Appendix D.3

provides a detailed explanation of the construction of this measure.

5.4 Machine Learning Model and Prediction

In this section, we describe the machine learning model that we use to analyze the presence

of restaurant hygiene violations. Subsection 5.4.1 describes the machine learning model.

Subsection 5.4.2 discusses how we evaluate the model performance and address data

imbalance issues. Finally, subsection 5.4.3 presents our results.

5.4.1 Machine Learning Model

Various machine learning techniques have been used to predict organizational misconduct,

such as Naive Bayes, Gradient Boosting, Neural Networks, Random Forests, Support Vector

Machines, and Super Learner (e.g., Johnson et al. 2023, Campbell and Shang 2022, Siering

2021, Mejia et al. 2019, Kang et al. 2013, Cecchini et al. 2010). In our analysis, we use a

gradient-boosted regression tree (GBRT) approach (Friedman et al. 2000, Friedman 2001).1

GBRT is an ensemble method that improves prediction performance by combining

multiple weak learners, typically decision trees. The approach iteratively corrects prediction

mistakes by fitting a new tree ft(x) to the residuals (or gradient) of the loss function of the

previous iteration model’s predictions (Mukherjee et al. 2025, Chen and Guestrin 2016).

1Appendix D.4 compares GBRT performance with several alternative machine learning models,
demonstrating that GBRT performs as well as or better than all alternatives.



124

For an input xi, the model produces the following output:

ŷi = ϕ(xi) =
K∑
k=1

fk(xi), (5.1)

where each fk is a regression tree. The training process minimizes a regularized objective

function:

L =
n∑

i=1

l(yi, ŷi) +
K∑
k=1

Ω(fk), (5.2)

where l(yi, ŷi) is a differentiable convex loss function, and Ω(f) = γT + 1
2λ∥w∥

2 is a

regularization term that penalizes the complexity of each tree. Here, T is the number

of leaves and w is the vector of leaf weights. Ω(fk) helps prevent overfitting by discouraging

overly complex trees.

The model is trained in a greedy and additive manner. At iteration t, the algorithm fits

a new tree ft(x) to minimize the updated objective:

L(t) =
n∑

i=1

l
(
yi, ŷ

(t−1)
i + ft(xi)

)
+Ω(ft), (5.3)

where ŷ
(t−1)
i represents the model’s prediction for instance i at the previous iteration.

We implement the GBRT model in R using the xgboost and caret packages (Chen

et al. 2025, Kuhn 2019). To capture high-order interactions among predictors, we set the

tree depth to 6, allowing for five-way interactions (Campbell and Shang 2022). Following

Schonlau (2005), we set the learning rate to 0.001 and train for up to 10,000 iterations.

These hyperparameters were selected using 5-fold cross-validation, repeated three times, to

ensure robust out-of-sample performance.
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5.4.2 Performance Evaluation

Our objective is to accurately predict the presence of future restaurant hygiene violations

from existing information. There are three challenges in accurately predicting organizational

misconduct and evaluating predictor performance: data imbalance, model calibration, and

the time dimension of the data.

Addressing the Data Imbalance Challenge

Organizational misconduct in general and restaurant hygiene violations in particular are a

rare phenomenon (Palmer 2012). In our data, only 25% of all routine inspections result in

a violation. This data imbalance is problematic because most standard machine learning

algorithms assume that the data is balanced and that the cost of misclassification is equal

(Sun et al. 2009). Machine learning models are generally trained on training data and

evaluated on so-called holdout or test data (Cui et al. 2018). During the training stage,

classification rules are developed that are later used to predict the class of observations in

the test sample. To create these rules, most learning algorithms assume that the outcome

variable is balanced, meaning there are equal observations for each outcome class. If the

data is unbalanced, then classification rules to accurately predict rare events are often

undiscovered or ignored. This leads to rare classes being more often misclassified than

the dominant class. (Sun et al. 2009) This is especially problematic in our context, where

correctly predicting violations, the rare class, is more important than correctly predicting

compliance in the form of “A” grades. We address this challenge by using a synthetic

minority over-sampling technique (SMOTE) (Chawla et al. 2002).2

Sampling reduces the data imbalance by selectively sampling observations from the

training data to create a balanced dataset on which a model is trained (Kuhn 2019). SMOTE

2We compared the performance of SMOTE to weighting, down-sampling, and up-sampling as other
imbalance correction techniques and found it to be superior. This is consistent with the findings by Chawla
et al. (2002).
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achieves balance by oversampling the rare class by creating synthetic observations (Chawla

et al. 2002). For example, if 75 observations in the training data are for compliance and

25 observations are for violation then the technique creates a new training sample with

150 total observations by creating 50 synthetic violation observations with predictors that

are similar but more general than the original observations (see Chawla et al. (2002) for

a detailed description of the algorithm). The model is then trained on the new, extended

training data. Importantly, the test data is not sampled in any way to accurately assess

out-of-sample performance.

Addressing the Calibration Challenge

Machine learning classifiers, even those that excel at predicting the correct class, are

often poorly calibrated. Calibration refers to the alignment between a model’s predicted

probabilities and the true probabilities observed in the data (Fernández et al. 2018). A

poorly calibrated model produces predicted probabilities that do not accurately represent

the actual likelihoods. Having a well-calibrated model is important because we use

the predicted probabilities and not the classifications to improve the inspection resource

allocation decisions.3

To illustrate, consider a binary classification scenario with two states: Compliance and

Violation. Suppose a model predicts that 10 observations have a 0.6 probability of being

violations. If the model is perfectly calibrated, six of these observations would indeed be

violations, and four would be in compliance. In this case, the predicted probabilities align

with the true distribution, and the model’s precision score would be 0.6. Conversely, if nine

observations were violations and only one was compliance, the predicted probability of 0.6

would underestimate the true probability, even though the precision score would increase

to 0.9. This example highlights a critical issue: most models in the misconduct prediction

3We discuss the reason for using predicted probabilities and not classifications in Section 5.4.3 and how
we integrate the predictions in the decision-making policy in Section 5.5.4.
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literature are optimized for metrics such as precision and recall, which do not account for

calibration.

Model calibration can be achieved through two primary approaches: (1) training the

model using a calibration-specific metric and (2) applying post-hoc calibration techniques

to the model’s predictions (Jiang et al. 2012). In this study, we implement both approaches

to ensure robust calibration.

First, we use logLoss and the Brier score (Brier 1950) as our performance measures.

Contrary to the more established Accuracy or Precision measures, these measures do not

only value correct classification but also prediction accuracy. Specifically, logLoss measures

how close the predicted probability is to the actual class. It is computed as:

logLoss =
1

N

(
N∑
i=1

yi ∗ ln(pi) + (1− yi) ∗ ln(1− pi)

)
, (5.4)

where yi is the true value of observation i, pi is the predicted probability for state yi, and ln

is the natural logarithm. The measure decreases as the predictions become more accurate

and better calibrated.

The Brier score is the mean squared prediction error (Brier 1950):

Brier =
1

N

(
N∑
i=1

(pi − yi)
2

)
, (5.5)

Note that the Brier score is less sensitive to completely wrong predictions than the logLoss.

For example, if a prediction is 0 but the true value is 1, then the Brier score for that

observation is 1 but the logLoss is ∞.

Second, we calibrate the model’s output using Platt scaling (Platt 2000), a

post-processing technique that turns raw classifier scores into accurate probability estimates.

This method involves fitting a logistic regression model on the original classifier’s outputs

and true labels, thereby learning a map from scores to probabilities. The resulting adjusted
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probabilities better reflect an event’s true likelihood, which makes them more appropriate

for resource allocation decisions.

Addressing the Time-Dimension Challenge

The existing research on predicting organizational misconduct accounts for the time series

feature of the data to varying degrees. Most researchers are concerned with the overall

predictive ability of machine learning models and use a random train/test split with

cross-validation (e.g., Mukherjee et al. 2025, Johnson et al. 2023, Campbell and Shang

2022, Siering 2021, Kang et al. 2013). However, because we are using the predictions to

make resource allocation decisions, it is unrealistic to use future values to predict current

violations, as done in a random train/test split. To account for this time dynamic in the

data, we use rolling window forecasting to evaluate the classifier performance (Hyndman

and Athanasopoulos 2018, Cui et al. 2018).4

Because we used the data from 2012 to 2015 to construct our review text predictor, we

exclude these years from our model evaluation (Campbell and Shang 2022). This leaves

the data from 2016 to 2019 to train and evaluate our models. Figure 5.2 displays our

sampling scheme. The approach works as follows: We first construct an initial training

set with the data from 2016 (Orange boxes for resample number 1). We then construct a

test set with the data from 2017 (a one-year test horizon highlighted in blue) and evaluate

the models’ out-of-sample performance. Afterwards, we extend the training period by one

month while keeping the test horizon fixed. Thus, the second repetition uses training data

from January 2016 through January 2017 and tests the out-of-sample performance on data

from February 2017 through January 2018. We repeat this process 25 times, after which

the test sample extends beyond our study period. We then use the performance values of

the 25 observations to compare the predictive performance of the different feature sets.

4Note that Johnson et al. (2023) and Campbell and Shang (2022) conduct robustness checks using a
rolling window forecasting approach.
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Figure 5.2: Rolling Window Forecasting
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Notes. The figure shows the rolling window forecasting approach taken in this
project.

5.4.3 Prediction Results

Prediction Model Performance

Table 5.2 presents the predictive performance of gradient-boosted regression tree (GBRT)

models in forecasting restaurant hygiene violations. Performance is measured using the

Brier score and logLoss, where lower values indicate better predictive performance. We

evaluate the improvement between models based on a paired t-test (Law 2013). We also

report Accuracy and Precision measures, though these metrics are less informative in this

context (see discussion in Section 5.4.2).

The results confirm that predictive performance improves as additional features are

incorporated. The Time-Only model, which considers only the time since the last inspection,

performs the worst, with the highest Brier score (0.249) and logLoss (0.691). Adding

past inspection outcomes (Inspection-Record) significantly improves predictions, reducing

the Brier score by 0.032 (p < 0.001) and logLoss by 0.068 (p < 0.001). Incorporating

Yelp review data (Review-Information) further enhances prediction quality, with a Brier

score reduction of 0.021 (p < 0.001) and logLoss reduction of 0.046 (p < 0.001).
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Table 5.2: Performance of Gradient-Boosted Regression Tree Models for Predicting
Violations

Time-Onlya Inspection-Recordb (2)-(1) Review-Informationc (4)-(2) Full-Modeld (6)-(4)
(1) (2) (3) (4) (5) (6) (7)

Brier† 0.249 0.217 −0.032 0.196 −0.021 0.180 −0.017
[<0.001] [<0.001] [<0.001]

LogLoss† 0.691 0.623 −0.068 0.577 −0.046 0.539 −0.038
[<0.001] [<0.001] [<0.001]

Accuracy 0.485 0.650 0.165 0.699 0.049 0.736 0.037
[<0.001] [<0.001] [<0.001]

Precision 0.255 0.328 0.073 0.340 0.012 0.396 0.056
[<0.001] [ 0.001] [<0.001]

Notes. The table shows results from predicting the occurrence of violations (i.e., a “B” or “C” grade)
during restaurant hygiene inspections using gradient-boosted regression trees (GBRT). The performance
is evaluated on 25 monthly rolling window forecasts from 2016 to 2019 and after calibrating the model.
p-values from a paired t-test are in brackets.
†: Lower values indicate better performance.
a: The Time-Only feature set includes the time since the last inspection.
b: The Inspection-Record includes the features from Time-Only and information about previous inspection
outcomes (i.e., lagged outcome, lagged grades, lagged demerit count).
c: The Review-Information includes the features from Inspection-Record and data from reviews since the
last inspection (i.e., review count, average star rating, bad review count, review text measure).
d: The Full-Model includes the features from Review-Information and adds and restaurant characteristics
from Yelp, such as cuisine type (e.g., Mexican, Chinese) and establishment category (e.g., Bar, Deli).

Finally, the Full-Model, which integrates restaurant characteristics such as cuisine type

and establishment category, yields additional improvements, with the lowest Brier score

(0.180) and logLoss (0.539). Appendix D.5 further examines feature importance within the

Full-Model. The most influential predictor is the demerit count from the last inspection,

highlighting the persistence of hygiene violations. Time since the last inspection remains

a key factor, ranking among the top predictors. Yelp-derived attributes, such as average

star ratings and review text sentiment, also contribute meaningfully, though restaurant

characteristics (e.g., Fast Food, Bars) emerge as dominant features.

Prediction Model Value for Decision-Making

While the whole model greatly improves on the baseline, its ability to optimize the allocation

of inspection resources remains unclear. Figure 5.3 shows a significant overlap in estimated

probabilities for Violations and Compliance. The figure illustrates the density distribution
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of anticipated violation probabilities, comparing true violations (red) and true compliance

(blue). The x-axis represents the predicted probability of violation, while the y-axis

depicts the density. This figure highlights that the predicted probabilities for violations

differ depending on the true state, emphasizing the potential value of these predictions.

However, the substantial overlap between the two distributions limits their usefulness. For

instance, consider a prediction where the probability of violation is 0.3 and compliance

is 0.7. Although this suggests a high likelihood of compliance, the likelihood ratio that

this prediction is drawn from the compliance distribution (blue) vs. from the violation

distribution (red) is 0.90.5 This implies that the prediction—despite its low predicted

probability of violation—increases the belief of a Bayesian rational agent that the true

state of the world is a violation. Therefore, relying solely on these predictions for resource

allocation may lead to suboptimal performance.

Figure 5.3: Comparison of Predictions Conditional on True Outcome

(a) Histrogram (b) Kernel Density

Notes. The figure compares the distributions of the predicted probability of violation for true violations
(blue) and true compliance (red) observations. Subfigure (a) presents a histogram of the prediction values
corresponding to Column (6) in Table 5.2 and subfigure (b) shows the kernel density estimates used for
likelihood calculations.

Recall from Section 5.4.2 that we use predicted probabilities rather than discrete

classification labels to inform the regulator’s decision-making. Figure 5.3 helps illustrate

5We use the kernel density estimates in Figure 5.4b to compute the relative likelihood of observations.
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the rationale behind this choice. Traditional classification performance measures rely on

a confusion matrix, which compares true and predicted class labels (Kuhn 2019). To

generate these class labels from predicted probabilities, the classifier—in our case, the

GBRT algorithm—applies a threshold, assigning one class label to probabilities above the

threshold and another to those below it. This threshold is typically chosen to optimize

classification performance metrics such as accuracy or precision. While classification labels

can simplify decision-making and have been successfully used in other contexts, such as

diabetes screening (Kamalzadeh et al. 2021), they discard valuable probabilistic information.

Consider, for example, the previous scenario where a model predicts a 30% probability of

violation and a 70% probability of compliance, resulting in a likelihood ratio of 0.9. This

ratio increases a Bayesian rational agent’s belief that the true state is a violation. Now,

contrast this with a prediction of a 20% probability of violation and 80% probability of

compliance. Figure 5.4b shows that the density of the compliance distribution (blue) is

larger than the density of the violation distribution (red), which results in a likelihood ratio

of 1.15. This would shift the agent’s belief toward compliance. If we instead relied solely

on classification labels, both of these cases might have been labeled as “compliance.” This

would obscure the important nuance between them, treating both predictions as equally

reinforcing the belief in compliance,6 despite their differing likelihood ratios. Retaining

the full probability distribution leads to better-informed resource allocation decisions

(Mukherjee et al. 2025).

In summary, our findings underscore the potential predictive value of public data but

also highlight that using such predictions for operational decisions is not straightforward.

In the next section, we explore how these predictive insights can inform and optimize the

allocation of inspection resources.

6The likelihood of a predicted label, and therefore its impact on the agent’s belief state, can be derived
from the confusion matrix (see Kamalzadeh et al. 2021, Section 3.3.2).
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5.5 Model Formulation

After creating machine learning predictions of hygiene violations, we analyze how regulators

can leverage these predictions to optimize inspection resource allocation. Building on

the understanding that regulatory conformance deteriorates over time (Mohliver and

Ody-Brasier 2023, Anand et al. 2012), we define the restaurant inspection resource allocation

problem as an interactive partially observable Markov decision process (I-POMDP)

(Gmytrasiewicz and Doshi 2005). In this framework, the states represent establishments’

adherence to hygiene regulations, and the regulator must decide whether to inspect a given

restaurant during each decision period.

Due to resource restrictions, regulators must strategically conduct inspections to reduce

social costs associated with regulatory non-compliance (Mejia et al. 2019). Partially

Observable Markov Decision Processes (POMDPs) provide a well-established framework for

such decision-making under uncertainty and for incorporating machine learning predictions

(e.g., Mukherjee et al. 2025, Kamalzadeh et al. 2021). However, they do not account for

the interactive and adaptive nature of establishments, which may change their behavior in

response to inspection patterns. For example, establishments may exert effort to reduce

the likelihood that their hygiene compliance deteriorates or conduct self-inspection to

address violations. Alternative frameworks, such as Partially Observable Markov Games

(POMGs) or Partially Observable Stochastic Games (POSGs), capture this interplay

between establishments and regulators but lack the belief-state representation necessary

to integrate information from machine learning predictions (Kochenderfer et al. 2022). The

I-POMDP framework extends POMDPs by incorporating agent models (Gmytrasiewicz and

Doshi 2005), which allows regulators to make inspection decisions based on establishments’

probabilistic responses.

The core idea underlying an I-POMDP is that an agent, in this case the regulator,

maintains a belief state over both the physical environment (e.g., hygiene compliance levels)
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and the mental models of other agents (e.g., establishments’ effort and self-inspection

strategies). Unlike traditional POMDPs, which confine state uncertainty to external

factors, I-POMDPs use a recursive framework in which agents simulate the decision-making

processes of others. This allows regulators to predict how establishments will change

their behavior based on inspection history. A key assumption in this recursive framework

is that agents have nested strategic levels such that lower-level agents do not model

the higher-level agent’s decisions explicitly (Gmytrasiewicz and Doshi 2005). We model

establishments as level-0 agents, which means they make self-inspection judgments based

purely on previous regulatory actions without actively modeling the regulator’s strategy.

In contrast, the regulator is a level-1 agent capable of developing probabilistic assumptions

about establishments’ effort and self-inspection decisions.

By adopting this interactive framework, our model overcomes the limitations of

static regulatory policies. The I-POMDP approach enables more granular policy

decisions, allowing regulators to differentiate among establishments based on their historical

compliance records and estimated risk profiles. Additionally, it enables the integration of

machine learning predictions to improve decision-making efficiency.

5.5.1 Single Establishment Decision-Making Model

We formalize the inspection resource allocation problem for a single establishment as an

I-POMDP, where the regulator (“she/her”, subscript i) aims to minimize social costs (i.e.,

maximize her reward function) by optimizing inspection policies under uncertainty, while

the establishment (“he/him”, subscript j) tries to maximize his reward by timing effort

and self-inspections to minimize penalties from detected violations. We use one week

as a decision period, during which inspections are conducted unannounced and within a

constrained geographic region, eliminating the need for additional travel arrangements. If

applied to settings with longer decision periods, this time frame can be extended accordingly.

The I-POMDPs of both the regulator and the establishment can be characterized as 7-tuples



135

(IS∈{i,j}, A, T∈{i,j}, O∈{i,j}, O∈{i,j}, R∈{i,j}, γ), where IS∈{i,j} is the set of interactive

states, A is the set of joint actions between the regulator and the establishment, T∈{i,j}

are the transition probabilities between states, O∈{i,j} is the set of the regulator’s possible

observations, O∈{i,j} are the observation probabilities, R∈{i,j} is the reward function, and

γ is a discount factor (Gmytrasiewicz and Doshi 2005). We describe these components in

detail below.

Sequence of Events

At the start of the establishment’s lifecycle (t = 0), the regulator ensures that each

establishment is in full compliance. This mirrors regulatory practices across industries such

as healthcare and restaurants, where initial compliance inspections are mandatory before

starting operations (Ball et al. 2017, Southern Nevada Health District 2010). Each decision

period then follows a structured sequence of events:

• Both the establishment and the regulator update their belief about the establishment’s

current state based on their observations.

• The regulator generates a machine learning prediction and uses it to update her belief

about the establishment’s current state.

• Both the establishment and the regulator decide on their actions. The establishment

decides whether to invest effort, conduct a self-inspection, or do nothing based

on his current belief about his state. The regulator decides whether to inspect

the establishment based on her belief about the establishment’s current state, her

modeling of the establishment’s decision, and her capacity constraint.

• Actions occur, and the natural decay of adherence to routines takes effect. The order

is: decay, establishment action, regulator action.
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• The regulator incurs social costs, and the establishment receives rewards based on the

state and actions.

Interactive States

IS∈{i,j} is a set of interactive states defined as the combination between physical states

of the environment (S) and mental models of lower-level agents (Gmytrasiewicz and Doshi

2005). Formally, we define the interactive states for the regulator’s and establishment’s

I-POMDP as follows (Doshi and Perez 2008):

ISj = S, Θj =
{
⟨bj , θ̂j⟩ | bj ∈ △ISj

}
ISi = S ×Θj .

(5.6)

Here Θj is the set of possible intentional models of the Bayesian-rational establishment such

that: θj = ⟨bj , θ̂j⟩, where θ̂j is a frame described by the 6-tuple (A, Tj , Oj , Oj , Rj , γ) that

maps possible histories of the establishment’s observations to distributions over its actions.7

Thus, the number of models, and consequently the interactive state space, extends with the

planning horizon even if the frame is considered fixed and known (Doshi and Perez 2008).

In our analysis, we leverage the fact that, except for the machine learning observations, the

observation space and function are the same for the establishment and the regulator. This

contains the interactive state space and allows us to develop a policy.

The set S consists of two states corresponding to compliance and violation, plus

two inspection states that correspond to an establishment being inspected such that

S = {Compliance, Violation, InspectedCompliance, InspectedViolation}. The state space

is partially observable as regulators only uncover the true state of an establishment during

an inspection. Thus, instead of relying on the true state of establishments when making

7To understand this, consider the following: Let the components of the 6-tuple be fixed and known, then
the different establishment models at time t are the possible combinations of the establishment’s observations.
For example, if t = 2 and two possible observations in Oj , then there are 4 possible models for every θ̂j
corresponding to observing: {Oj,1,Oj,1}, {Oj,2,Oj,1}, {Oj,2,Oj,1}, and {Oj,2,Oj,2}.
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inspection decisions, the regulator relies on her belief about the true state to make decisions.

We use the random variable bji,t to denote the regulator’s current belief about the interactive

state of establishment j at period t.

Action Space

The action space A = Aj × Ai is the set of the joint moves of the establishment j

and the regulator i. Every period, the establishment can decide to wait, to exert effort

to slow down the compliance-decay, or to conduct a self-inspection (i.e., aj,t ∈ Aj =

{Wait, Effort, Self-Inspect}). The regulator can decide to wait or to inspect establishment

j (i.e., aji,t ∈ Ai = {Wait, Inspect}).

Transition Probabilities

The transition probabilities for the I-POMDP are constrained to the physical states of the

environment (S), meaning that one agent’s actions cannot directly control other agents’

models (Gmytrasiewicz and Doshi 2005). For the regulator, we characterize them using the

transition probability function Ti(s, aj , ai, s
′), which indicates the probability for moving

from the current state (s ∈ S) to the future state (s′ ∈ S) given that the establishment

takes action aj ∈ Aj and the regulator takes action ai ∈ Ai. For a given action pair

(aj , ai), the probabilities sum to one, and no element has a negative probability. Note

that the transition probabilities for aj = Self-Inspect depend on µj , the probability that

the establishment detects and fixes violations during self-inspection. In constructing the

transition probabilities, we assume that regulator inspections perfectly identify violations

but do not always fix them. This is consistent with the Las Vegas inspection data in which

“only” 99 percent of re-inspection following violations lead to “A” grades. Table 5.3 presents

the transition probabilities in the regulator’s I-POMDP.

In contrast, the transition probabilities of the establishment—a level 0 agent—depend

only on its actions, while the actions of the regulator are incorporated as a noise factor
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Table 5.3: Transition probabilities Ti(s, aj , ai, s
′) for each (aj , ai) combination

aj\ai Wait Inspect

Wait


0.965 0.035 0.000 0.000

0.000 1.000 0.000 0.000

0.965 0.035 0.000 0.000

0.955 0.045 0.000 0.000




0.000 0.000 0.965 0.035

0.000 0.000 0.000 1.000

0.000 0.000 0.965 0.035

0.000 0.000 0.955 0.045



Effort


0.975 0.025 0.000 0.000

0.000 1.000 0.000 0.000

0.975 0.025 0.000 0.000

0.965 0.035 0.000 0.000




0.000 0.000 0.975 0.025

0.000 0.000 0.000 1.000

0.000 0.000 0.975 0.025

0.000 0.000 0.965 0.035



Self-Inspect


a b 0.000 0.000

µj 1− µj 0.000 0.000

a b 0.000 0.000

c d 0.000 0.000




0.000 0.000 a b

0.000 0.000 µj 1− µj

0.000 0.000 a b

0.000 0.000 c d


Notes. Appendix D.6 provides detailed information about the computation of these transition

probabilities. a: 0.965 + 0.035 ∗ µj ; b: 0.035 ∗ (1− µj); c: 0.955 + 0.045 ∗ µ; d: 0.045 ∗ (1− µj)

(Gmytrasiewicz and Doshi 2005). The interval between inspections for the SNHD follows

a geometric distribution, implying that the per-period inspection likelihood from the

establishment’s perspective follows a Bernoulli distribution with probability 0.05. Thus,

T (s, aj , s
′) is characterized as in Table 5.4.

Observations and Observation Probabilities

In each period, an observation (i.e., oi ∈ Oi = oj ∈ Oj) provides information about the

state of the system. For now, we limit the observations to signal whether a regulator

inspection happened and what the outcome of the inspection was such that Oi = Oj =

{Nothing, InspectedCompliance, InspectedViolation}. We will consider machine learning

predictions about the true state for the regulator separately (see Section 5.5.4). The function

O(s′) is independent of the agents’ actions and characterizes how the observations are
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Table 5.4: Transition probabilities Tj(s, aj , s
′) for each aj

aj Wait Effort Self-Inspect
0.917 0.033 0.048 0.002

0.000 0.950 0.000 0.050

0.917 0.033 0.048 0.002

0.908 0.042 0.048 0.002




0.926 0.024 0.049 0.001

0.000 0.950 0.000 0.050

0.926 0.024 0.049 0.001

0.917 0.033 0.048 0.002




0.95 a 0.95 b 0.05 a 0.05 b

0.95µj 0.95µ̀j 0.05µj 0.05µ̀j

0.95 a 0.95 b 0.05 a 0.05 b

0.95 c 0.95 d 0.05 c 0.05 d


Notes. Appendix D.6 provides detailed information about the computation of these transition

probabilities. µ̀j : 1− µj ; a: 0.965 + 0.035 ∗ µj ; b: 0.035 ∗ (1− µj); c: 0.955 + 0.045 ∗ µ; d: 0.045 ∗ (1− µj)

generated based on the future state. We assume perfect observability of inspections and no

observability otherwise such that:

O(s′) =


Nothing if s′ = {Compliance, Violation}

InspectedCompliance if s′ = {InspectedCompliance}

InspectedViolation if s′ = {InspectedViolation}.

(5.7)

Reward

Rewards depend on the physical states of the environment (S) and the actions taken. The

regulator incurs social costs (SCViolation) when the establishment is in a state of violation,

and a cost (CInspect) for each inspection. Otherwise, the regulator does not “earn” anything

from the restaurant’s operation.8

We assume that restaurants in the compliance state do not impose social costs. This

assumption is based on regulatory logic: if completely complying restaurants continued

to produce considerable social costs, the regulator would raise the compliance standard.

This view aligns with the interpretation in Jin and Leslie (2003), who argue that while

“A”-graded restaurants do not eliminate all foodborne illness risks, their risk level is no

greater than the baseline risk of eating at home. Therefore, social costs from violations

8It is easy to account for the social benefit of a restaurant by adding a positive value SB to the reward
formulation. However, since SB would apply uniformly across all state-action combinations, it does not
affect the policy and can be omitted without loss of generality.
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should be interpreted as relative to this outside option. We define the regulator’s reward

function as:

Ri(s
′, ai) =



0 if s = Compliance, ai = Wait

−CInspect if s = Compliance, ai = Inspect

−SCV iolation if s = Violation, ai = Wait

−(SCV iolation + CInspect) if s = Violation, ai = Inspect

0 if s = InspectedCompliance, ai = Wait

−CInspect if s = InspectedCompliance, ai = Inspect

−SCV iolation if s = InspectedViolation, ai = Wait

−CInspect if s = InspectedViolation, ai = Inspect.

(5.8)
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In contrast, the restaurant’s reward function can be formulated as:

Rj(s
′, aj) =



Profit if s = Compliance, aj = Wait

Profit− CEffort if s = Compliance, aj = Effort

Profit− CSelfInspect if s = Compliance, aj = Inspect

Profit if s = Violation, aj = Wait

Profit− CEffort if s = Violation, aj = Effort

Profit− CSelfInspect if s = Violation, aj = Inspect

Profit if s = InspectedCompliance, aj = Wait

Profit− CEffort if s = InspectedCompliance, aj = Effort

Profit− CSelfInspect if s = InspectedCompliance, aj = Inspect

Profit− Penalty if s = InspectedViolation, aj = Wait

Profit− Penalty − CEffort if s = InspectedViolation, aj = Effort

Profit− Penalty − CSelfInspect if s = InspectedViolation, aj = Inspect,

(5.9)

where the Profit is the difference between revenue and costs from operating the

restaurant, CEffort is the cost associated with effort, CSelfInspect is the cost associated

with self-inspecting, and Penalty captures the loss of revenue associated with receiving a

downgrade plus potential fees.9

9In reality, the revenue loss from a downgrade is not contained to the period of detection. However,
explicitly modeling this temporal effect would introduce non-stationarity. In following Deo et al. (2013), we
therefore assume that the penalty occurs immediately.
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5.5.2 Establishment Problem

The establishment’s objective is to maximize the reward associated with operating the

restaurant for some feasible policy π. Formally:

max
π

E

[
T∑
t=1

γtR(b′j,t, aj,t)

]
. (5.10)

Because the establishment is a 0-level agent, meaning it does not model the regulator’s

behavior but incorporates their behavior as noise, its problem reduces to a POMDP

(Gmytrasiewicz and Doshi 2005). While POMDPs remain computationally hard to solve,

several exact and approximate value iteration approaches exist that compute policies in

reasonable times. Examples include the Two-Pass algorithm (Sodnik 1971), Witness

algorithm (Littman et al. 1995), point-based value iteration (PBVI) (Shani et al. 2013,

Pineau et al. 2003), Successive Approximations of the Reachable Space under Optimal

Policies (SARSOP) (Kurniawati et al. 2009)). We use PBVI implemented via the

Julia package “PointBasedValueIteration” to compute the establishment’s policy (see

Figure 5.6a).

Figure 5.5: Establishment Policy and Belief Updates

(a) Alpha Vector Policy (b) Belief State Development

Notes. Subfigure (a) shows an establishment’s alpha vector policy and subfigure (b) shows the belief
state development considering “normal” and interactive belief updates. The figures are computed for the
following values: µj = 0.85, CEffort = 0.1, CSelfInspect = 5.0, Profit = 20.0, Penalty = 40.0, γ = 0.99.
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The policy has two thresholds: b̄Wait and b̄V iolation. If the violation likelihood is low,

establishment’s will exert effort to reduce their transition to a violation state (i.e., aj =

Effort). After the violation likelihood increases above b̄Wait, the establishment will stop to

invest effort and instead wait (i.e., aj = Wait). After the violation likelihood increases above

the second threshold b̄V iolation, the establishment will conduct a self-inspection (i.e., aj =

Wait) to identify and fix violations. While the exact policy in Figure 5.6a depends on the

parameters of the problem, we observe the following relationships: b̄Wait depends on the cost

of effort such that it decreases (increases) as the cost of effort increases (decreases). b̄V iolation

decreases as the penalty for violations increases. b̄V iolation increases as the self-inspection

cost increases. b̄V iolation is independent of the profit. b̄V iolation decreases as the likelihood

of detecting violations during self-inspection (µj) increases.

Figure 5.6b highlights the development of the belief state bji,t assuming no inspections

from the regulator. It shows that accounting for the establishment’s actions (i.e.,

aj,t ∈ {Wait, Effort, Self-Inspect}) changes the belief about the establishment’s true state

compared to assuming a static establishment (i.e., aj,t ∈ {Wait}).

5.5.3 Regulator Problem

After establishing the optimal policy for a single establishment, we now focus on the

regulator’s decision problem.

Capacity Constraint

Thus far, we have considered the relationship between a regulator and a single establishment.

However, regulators oversee many establishments and have limited inspection resources

(Mejia et al. 2019). Thus, the regulator must make the inspection decisions while considering

all establishments jointly, subject to the constraint that the inspection cost cannot exceed

a given capacity constraint K.

Let N be the number of establishments, each following the dynamics discussed in the
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preceding subsections, at = (a1i,t, a
2
i,t, . . . , a

N
i,t) be a vector capturing the regulator’s decisions

in period t, and Bt = (b1i,t, b
2
i,t, . . . , b

N
i,t) be a vector of vectors indicating her belief across

the states of all N decision problems at period t. Formally, the regulator must choose at

such that:
N∑
j=1

1{aji,t=Inspect} ≤ K, ∀t ∈ {1, 2, . . . , T}. (5.11)

This setup implies that we have N independent decision problems that are weakly linked

by the joint capacity constraint (Kamalzadeh et al. 2021, Hawkins 2003).

Objective

The regulator aims to minimize the total social costs associated with hygiene violations

by strategically allocating inspection resources. This is equivalent to maximizing the total

discounted reward. The regulator seeks to find an optimal policy π that governs inspection

decisions over time, balancing immediate costs with long-term benefits. Formally, the

objective function is given by:

max
π

E

 T∑
t=1

N∑
j=1

γtR(b′i,t
j
aji,t)

 , (5.12)

where b′i,t
j represents the belief about the hygiene compliance state of establishment j at

the end of time t given the corresponding inspection action aji,t. R(•, •) denotes the reward

function capturing the impact of compliance and inspection decisions, and γ ∈ (0, 1) is the

discount factor reflecting the regulator’s preference for current versus future costs.

Value Function and Optimality Equations

To model the regulator’s decision-making process as a dynamic optimization problem, we

define a value function that quantifies the expected total discounted reward from a given

system state onward, assuming optimal decisions in all future periods. The regulator’s
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goal is to allocate inspection resources in a way that maximizes this value function while

adhering to capacity constraints.

Let J(Bt) represent the maximum expected discounted reward from period t onward,

given that the belief vector at the start of period t is Bt. The optimal policy follows from

solving the following constrained Bellman equation (Puterman 2005, Hawkins 2003):

J(Bt) = max
at


N∑
j=1

R(b′i,t
j
, aji,t) + γE [J(Bt+1) | Bt,at]

∣∣∣∣∣
N∑
j=1

1{aji,t=Inspect} ≤ K

 . (5.13)

The capacity constraint ensures that inspections are limited to at most K establishments

in each period. The optimization problem described above is a weakly coupled dynamic

optimization problem (Hawkins 2003), where individual establishment-level decisions are

connected through the shared inspection resource constraint (Kamalzadeh et al. 2021). To

address the problem, we apply Lagrangian relaxation, which transforms the constrained

optimization problem into an unconstrained one by introducing a dual variable λ that

penalizes violations of the capacity constraint (Kamalzadeh et al. 2021, Hawkins 2003,

Bertsekas 1976). The Lagrangian function for period t is given by:

L(Bt, λ) = max
at


N∑
j=1

R(b′i,t
j
, aji,t) + γE [L(Bt+1) | Bt,at]− λ

 N∑
j=1

1{aji,t=Inspect} −K


= max

at


N∑
j=1

(
R(b′i,t

j
, aji,t)− λ1{aji,t=Inspect}

)
+ γE [L(Bt+1) | Bt,at] + λK

 .

(5.14)

Here, the term λ1{aji,t=Inspect} effectively reduces the reward for selecting the inspection

action, discouraging inspections when resources are constrained. Because λ is identical

across establishments and time periods, the problem decomposes into independent

subproblems for each establishment (Hawkins 2003). Specifically, we can rewrite Equation
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(5.14) as:

L(Bt, λ) =
N∑
j=1

L(b′i,t
j
, λ) +

λK

1− γ
, (5.15)

where each establishment-specific function is given by:

L(b′i,t
j
, λ) = max

aji,t

{(
R(b′i,t

j
, aji,t)− λ1{aji,t=Inspect}

)
+ γE

[
L(Bj,t+1) | b′i,t

j
, aji,t

]}
. (5.16)

This reformulation enables solving for each establishment’s optimal policy independently

while accounting for the global constraint through the dual variable λ. Further, we

can interpret the term R(b′i,t
j , aji,t) − λ1{aji,t=Inspect} as a modified reward function that

incorporates a penalty for inspections:

R′
i(s

′, ai) =



0 if s = Compliance, ai = Wait

−(CInspect + λ) if s = Compliance, ai = Inspect

−SCV iolation if s = Violation, ai = Wait

−(SCV iolation + CInspect + λ) if s = Violation, ai = Inspect

0 if s = InspectedCompliance, ai = Wait

−(CInspect + λ) if s = InspectedCompliance, ai = Inspect

−SCV iolation if s = InspectedViolation, ai = Wait

−(SCV iolation + CInspect + λ) if s = InspectedViolation, ai = Inspect.

Using this modified reward function, equation (5.16) can be rewritten as:

L(bji,t, λ) = max
aji,t

{
R′(b′i,t

j
, aji,t) + γE

[
L(Bj,t+1) | b′i,t

j
, aji,t

]}
. (5.17)

This allows us to solve the optimization problem for a fixed λ using established solving

techniques such as Interactive Point Based Value Iteration (I-PBVI) (Doshi and Perez 2008).
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INDEX Policy

We then choose the value for λ that satisfies the capacity constraint in Equation (5.11)

using an adaption of Hawkins’s (2003) INDEX heuristic. Specifically, we use Algorithm 1,

which uses binary search to find a λ for which aji,t = Inspect for exactly K establishments.

To restrict the runtime of the algorithm and break ties, we use Algorithm 2 if λ converges

to a small enough region.

Algorithm 1 INDEX (Adapted from Hawkins (2003))

Input: S = ∅, ϵ, λL = Λ, λU = −Λ, Λ = Rmin

1: while S ̸= K do
2: λM = λL−λM

2
3: for j = 1, . . . , N do
4: if L

aji,t=Inspect
(bji,t, λ) ≥ L

aji,t=Wait
(bji,t, λ) then

5: S ← S ∪ {i}
6: end if
7: end for
8: if |S | < K then
9: λU = λM

10: else if |S | > K then
11: λL = λM

12: end if
13: if λU − λL < ϵ then
14: λM = λL−λM

2
15: S ← Rank()
16: end if
17: end while
18: for j = 1, . . . , N do
19: if j ∈ S then
20: aji,t = Inspect
21: else
22: aji,t = Wait
23: end if
24: end for
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Algorithm 2 Rank (Adapted from Hawkins (2003))

Input: S = ∅, N = 1, . . . , N , λM

1: while S ̸= K do

2: j = argmax
{
L
aji,t=Inspect

(bji,t, λ)− L
aji,t=Wait

(bji,t, λ) | j ∈ N \S
}

3: S ← S ∪ {j}
4: end while
5: return S

5.5.4 Incorporating Machine Learning Predictions

As outlined in Section 5.4, regulators can leverage machine learning techniques to enhance

their assessment of an establishment’s compliance status. These predictive models refine

the belief vector by incorporating probabilistic updates, rather than relying solely on

direct observations, such as inspection outcomes. Unlike traditional observations, machine

learning predictions aggregate information across multiple decision periods, requiring a

distinct treatment within our framework.

To illustrate this distinction, consider the role of the Fast Food category in predicting

regulatory violations. As demonstrated in Section 5.4.3, this category significantly influences

predictions. However, because Fast Food is a static, time-invariant feature, treating machine

learning predictions as direct observations—where the belief vector is updated in each

period—would artificially inflate the probability of a violation. This issue arises because

the same static information would be repeatedly incorporated into belief updates, distorting

the regulator’s decision-making process. To mitigate this effect, we update only the current

belief vector bji,t at the time of decision-making.

Let pji,t denote the regulator’s machine learning prediction for the compliance state of

establishment j at time t. Suppose the model assigns probabilities of 95% to Compliance,

5% to Violation, and 0% to both InspectedCompliance and InspectedViolation. Then, the

prediction vector is:

pji,t = [0.95, 0.05, 0.00, 0.00].
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From this we compute the likelihood of the predicted probabilities under each possible

compliance state using the Kernel density estimates from Figure 5.4b. Specifically, the

likelihood of observing pji,t(Compliance) given that the establishment is in the Compliance

state is:

Pr(pji,t(Compliance)|Compliance) = fC(p
j
i,t(Compliance)),

where fC represents the probability density function of the true-compliance distribution.

Similarly, the likelihood of observing pji,t(Violation) given that the establishment is in the

Violation state is:

P (pji,t(Violation)|Violation) = fV(p
j
i,t(Violation)),

where fV represents the probability density function of the true-violation distribution.

The likelihood of observing pji,t(InspectedCompliance) is 0 if pji,t(InspectedCompliance) =

0 and 1 if pji,t(InspectedCompliance) = 1, with an analogous condition applying to

pji,t(InspectedViolation). To formally integrate these predictions into the belief update

process, we employ Bayes’ theorem in its odds form (Downey 2013):

o(H | E) = o(H)
P (E | H)

P (E | ¬H)
, (5.18)

where o(H) = P (H)
P (¬H) represents the prior odds in favor of hypothesis H, characterizing the

prior belief before new evidence is incorporated. The term P (E|H)
P (E|¬H) quantifies the relative

impact of the observed evidence E on updating the belief in H. A factor greater than 1

strengthens belief in H, while a value less than 1 weakens it.

Applying this framework to the compliance monitoring problem, we update the belief
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for each state is as follows:

o(is | pji,t) = o(is)
Pr(pji,t(is) | is)∑

is′∈IS
is′ ̸=is

Pr(pji,t(is
′) | is′)

, ∀is ∈ IS, (5.19)

where o(is) =
bji,t(is)

1−bji,t(is)
and Pr(pji,t(is) | is) comes from the likelihood functions derived from

the machine learning model’s predictive distributions. The posterior odds are subsequently

transformed to probabilities and normalized to yield the updated belief vector b̃ji,t. To

integrate these updated beliefs into the decision-making framework, we redefine the belief

vector Bt in the optimization problem:

B̃t = [b̃1i,t, b̃
2
i,t, . . . , b̃

N
i,t]. (5.20)

We then use this updated belief vector in line (4) of the INDEX algorithm, and label the

resulting policy: ML-INDEX.

5.6 Evaluation Using Simulation

In this section, we use simulations to analyze how incorporating the machine learning

predictions from Section 5.4 in the inspection resource allocation policy from Section 5.5

affects the social welfare costs. We first summarize the different policies, then describe the

simulation setup, and finally discuss the results.

5.6.1 Policies

We evaluate the performance of five policies: Random, Regular, Predictions, INDEX, and

ML-INDEX. The Random policy is inspired by Kim and Xu (2024), who compare the

performance of random and periodic policies to prevent the occurrence of risk events in

banking. In every period, we randomly choose K—the capacity limit—establishments
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to inspect. Each establishment is equally likely to be inspected in every period. The

Regular policy is inspired by the current practice in restaurant inspections. In every

period, we choose to inspect the K establishments with the longest time since the last

inspection. This results in a regular inspection interval. The Predictions policy is inspired

by Johnson et al. (2023), who rely exclusively on Machine Learning predictions in assigning

OSHA inspections. In every period, we first order the establishments by their predicted

Violation likelihood.10 We then choose to inspect the K establishments with the highest

violation likelihood without considering any other factors. The INDEX policy is described

in Section 5.5.3. In every period, we choose to inspect a subset S of establishments which we

identify using Algorithm 1. TheML-INDEX policy integrates Machine Learning predictions

in the inspection resource allocation decision as described in Section 5.5.4. In every period,

we first update the belief state based on the prediction and then use Algorithm 1 to select

which establishments to inspect.

5.6.2 Simulation Design

For our simulation, we consider a finite horizon consisting of 50 one-week periods. A

one-week look-ahead schedule is appropriate for restaurant inspections because they are

conducted unannounced and all within close proximity. No travel arrangements are needed.

If, in other settings, the look-ahead schedule is longer, then the estimation period can be

extended. We consider four contexts for our simulation: a homogeneous establishment

population with low inspection capacity, a homogeneous establishment population with

high inspection capacity, a heterogeneous establishment population with low inspection

capacity, and a heterogeneous establishment population with high inspection capacity. We

10We generate the predictions by sampling from the Kernel density estimate corresponding to the true
state of the establishment. To ensure that repeated predictions for the same establishment are correlated,
we use a quantile transformation approach. Each establishment is assigned a seed value from a uniform
random variable upon initialization and after inspections (i.e., the seed resets). In each period, we then
augment the seed with Gaussian noise (µ = 0, σ = 0.2) before creating a prediction based on mapping the
seeds quantile to the corresponding value of the prediction distribution. This method introduces controlled
randomness while preserving a consistent but non-deterministic relationship between related predictions.
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repeat each setting eight times with different random seeds to allow statistical inference.

Table 5.5 summarizes the simulation parameters.

Table 5.5: Simulation Setup for Establishment Problems

Context Parameter Case Values

Homogeneous

Establishments – 160
Time since last inspection at beginning – U(5, 20)
Profit – 20
Penalty – 40
Self inspection cost (CSelfInspect) 3
Cost of effort (CEffort) – 0.1
Self-inspection correction probability (µj) – 0.85
Social costs (SCV iolation) – 16
Self inspection cost (CSelfInspect) 3

Capacity (K)
Low 3
High 9

Heterogeneous

Establishments – 160
Time since last inspection at beginning – U(5, 20)
Profit – 20 + U(−5, 5)
Penalty – 40 + U(−5, 5)
Self inspection cost (CSelfInspect) 3 + U(−1, 1)
Cost of effort (CEffort) – 0.1 + U(−0.1, 0.1)
Self-inspection correction probability (µj) – 0.85 + U(−0.01, 0.01)
Social costs (SCV iolation) – 16 + U(−1, 1)

Capacity (K)
Low 3
High 9

Notes. The social cost of non-compliance (SCViolation = $16 per restaurant per week) is based on the
empirical effects of Los Angeles’ restaurant grading policy (Jin and Leslie 2003). Following the introduction
of hygiene cards, approximately 3,500 restaurants improved their compliance, leading to a 20% reduction
in 400 annual hospitalizations. Combining hospitalization costs (estimated at $17,500 per case (Dhaliwal
et al. 2021)) and productivity losses from non-hospitalized foodborne illnesses (based on 0.5 days of missed
work at $60,000 GDP per capita and a 234:1 ratio of illnesses to hospitalizations (Mead et al. 1999)),
the weekly social cost per non-compliant restaurant is estimated as the sum of hospitalization cost (i.e.,
$17, 500× 0.00044 = $7.70) and productivity loss (i.e., $60, 000÷ 365× 0.5× 0.1 = $8.30).

Each simulation consists of 160 establishments. In both contexts, the time since the

last inspection is randomly assigned based on a discrete uniform distribution with integer

values between five and 20. The true establishment state is sampled randomly with state

probabilities based on the time since the last inspection and the transition probabilities for
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ai = Wait in Section 5.5.1. In the homogeneous context, all establishments share the same

parameters for profit, penalty, self-inspection correction probability (µj), self-inspection cost

(CSelfInspection), effort cost (CEffort), and social costs (SCV iolation). In the heterogeneous

context, the parameter values vary between establishments based on a noise factor from

a uniform distribution. In both contexts, we evaluate a low- and high-capacity case that

allows for three and nine inspections per period, respectively. This is consistent with the

inspection capacity to establishment ratio in Las Vegas.

5.6.3 Results

Policy Comparison

We use two metrics to evaluate the performance of the five policies. First, we report Reward

as the cumulative discounted reward of employing policy m, computed as:

Φm =
T∑
t=1

N∑
j=1

γtR(s′j,t, a
j
i,t
∗), (5.21)

where s′j,t ∈ S is the true state of establishment j at the end of period t and aji,t
∗ is the

inspection decision according to policy m for j in period t. Second, we report Relative

Improvement as the realtive improvement in net benefit of policy m compared to policy n

(Cui et al. 2018, Deo et al. 2013). We compute Relative Improvement as:

δm,n =
(Φm − ΦBaseline)− (Φn − ΦBaseline)

Φn − ΦBaseline
=

Φm − Φn

Φn − ΦBaseline
, (5.22)

where ΦBaseline is the cumulative discounted reward of a no-inspection baseline (i.e., running

the simulation without conducting any inspections). Table 5.6 provides the pairwise

comparisons of all policies using these two measures.

The results demonstrate that incorporating machine learning predictions can

substantially improve inspection resource allocation. In Panel A, we observe significant
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Table 5.6: Pairwise Comparisons of Policies.

Regular ML INDEX ML INDEX

Panel A: Cumulative discounted reward

Random −320.78± 486.70 −1988.46± 390.17*** −3824.93± 392.71*** −4217.61± 442.26***
Regular −1667.68± 570.97*** −3504.15± 594.92*** −3896.83± 689.98***
Predictions −1836.47± 450.19*** −2229.15± 442.88***
INDEX −392.68± 209.64***

Panel B: Relative improvement over baseline

Random 0.03± 0.13 0.67± 0.25*** 1.29± 0.44*** 1.46± 0.52***
Regular 0.78± 0.41*** 1.46± 0.61*** 1.66± 0.72***
Predictions 0.36± 0.13*** 0.45± 0.14***
INDEX 0.06± 0.04***

Notes. The table presents individual 99% confidence intervals for all pairwise comparisons of policies
based on the raw simulation results (see Table D.4). Since we conduct 5(5− 1)/2 = 10 comparisons, we use
a 99% confidence interval for each comparison to achieve 90% overall confidence (Law 2013). Significance
levels from a paired-t test (Panel A) and t-test (Panel B) are indicated as: * p < 0.05; ** p < 0.01; *** p
< 0.001.

differences in cumulative discounted rewards across policies. The only exception is

the comparison between the Random and Regular policies, which shows no statistically

significant difference. Each successive policy yields a statistically significant improvement

over the previous one, establishing a clear performance hierarchy: Random/Regular <

Predictions < INDEX < ML-INDEX.

The Predictions policy—based solely on predicted violation likelihoods—performs better

than both the Random and Regular policies, yet it is consistently outperformed by the

INDEX-based approaches. The ML-INDEX policy achieves the best outcomes overall,

reducing average social costs by more than $4,000 compared to random inspections, over

$2,000 relative to the Predictions policy, and more than $390 relative to the INDEX policy.

These differences are statistically significant at the 0.001% level, underscoring the robustness

of the improvements.

Panel B reports relative improvements over a no-inspection baseline, which is less

sensitive to specific parameter settings in the simulation (Deo et al. 2013). These results

reinforce the findings in Panel A in that the ML-INDEX policy consistently delivers the
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highest relative improvement. On average, it reduces social costs by 166 percent relative

to the Regular policy and by 6 percent relative to the INDEX policy. The differences are

again statistically significant.

Together, the results highlight that while machine learning predictions can be valuable

in informing inspection resource allocation decisions, their greatest value emerges when

they are combined with a dynamic optimization framework. The consistent pattern of

statistical significance across both panels highlights the strength of the proposedML-INDEX

policy compared to existing alternatives. These findings suggest that regulators can realize

substantial efficiency gains by combining predictive analytics with model-based planning in

their inspection strategies.

Additional Observations

To understand the drivers underlying the improvements in performance among the different

policies, we investigate how the Regular, Predictions, INDEX, and ML-INDEX policies

make inspection decisions based on the establishment characteristics. Figure 5.7 presents the

results of a discrete-time survival analysis linking the inspection likelihood to the I-POMDP

characteristics.

First, the time since the last inspection is positively associated with inspection

probability under the Regular policy, reflecting a basic heuristic that prioritizes

establishments that have not been inspected recently. In contrast, this association is

negative for the Predictions, INDEX, and ML-INDEX policies. These policies do not

follow a regular inspection interval. Instead, they focus inspections on higher-risk facilities,

resulting in some establishments being systematically inspected less frequently, which

increases their time since the last inspection even as their inspection probability remains

low.

Second, among all establishment-level parameters varied in the simulation, effort cost

has the strongest positive association with inspection likelihood. Establishments with higher
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Figure 5.7: Discrete-Time Survival Analysis of Inspections

True state: Violation

Detection probability

Effort cost

Penalty

Revenue

Time since last inspection

1 2 3

Effect on Inspection Hazard (Odds Ratio)

Policy Regular Predictions INDEX ML−INDEX

Notes. The figure presents the coefficients of a Discrete-Time Survival Analysis with inspection decisions
as the dependent variable based on the heterogeneous simulations. The effect sizes are exponentiated and
standardized estimates, meaning that a one standard deviation increase in the parameter is associated with
an increase of effect− 1 in the probability of an inspection.

effort costs are less incentivized to invest in maintaining compliance, leading to a faster decay

in hygiene compliance. This decay increases the probability that these establishments enter

violation states, thereby raising their likelihood of inspection under risk-based policies such

as Predictions, INDEX, and ML-INDEX.

Third, the inspection probability under the Predictions, INDEX, and ML-INDEX

policies is strongly positively associated with an establishment’s true violation state, but the

mechanisms behind this relationship differ across policies. The Predictions policy relies on

machine learning outputs, which are directly influenced by changes in the underlying state,

leading to responsive increases in inspection probability when an establishment violates.

In contrast, the INDEX policy uses model-based inference of compliance decay to target

establishments in violation without observing the true situation. The ML-INDEX policy

combines the model-based structure of INDEX with machine learning predictions, resulting

in an intermediate effect size between the two extremes, as illustrated in Figure 5.7.
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5.7 Discussion and Conclusion

This study explores how regulators can leverage machine learning to improve inspection

resource allocation, particularly in the context of restaurant hygiene inspections.

We propose an integrated framework that combines predictive analytics—using

gradient-boosted regression trees (GBRT)—with prescriptive decision-making, formulated

as a capacity-constrained interactive partially observable Markov decision process

(I-POMDP). The resulting ML-INDEX policy effectively combines model-based planning

with data-driven predictions.

Applying this framework to Las Vegas restaurant inspection data and Yelp reviews

(2012–2019), we show that it is not only possible to predict inspection outcomes,

but also how embedding these predictions in a resource allocation model improves

regulatory performance. The ML-INDEX policy significantly increases inspection program

effectiveness by up to 160% compared to standard inspection programs. This improvement is

achieved by tailoring inspection intervals to each establishment’s predicted risk and modeled

conformance decay.

Our research makes several contributions across disciplinary boundaries. First, we

extend the literature on predicting organizational misconduct (e.g., Ball et al. 2025,

Campbell and Shang 2022, Mejia et al. 2019, Chang and Wu 2021, Cecchini et al.

2010) by demonstrating how machine learning predictions can be operationalized through

a structured decision framework. Second, we introduce I-POMDPs to the operations

management (OM) community as a promising framework for modeling multi-agent

decision-making under uncertainty—especially relevant in regulatory contexts. Third, we

contribute to the literature on organizational misconduct by formalizing the dynamics of

routine conformance decay as a Markov process (Anand et al. 2012, Vaughan 1999), enabling

simulation-based evaluations of inspection strategies and addressing long-standing calls to

study misconduct prevention strategies more rigorously (Palmer 2012, Anand et al. 2023).
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Finally, we inform the literature on social and environmental responsibility audits (e.g., Ha

et al. 2023, Zhang et al. 2022, Caro et al. 2018) by demonstrating that risk predictions can

be effectively used to allocate inspection resources in oversight relationships, such as those

between regulators and firms or buyers and suppliers.

From a practical standpoint, our ML-INDEX policy is readily implementable using

open-source tools such as R, Python, or Julia. It provides a scalable and adaptive

strategy that allows regulators to improve misconduct detection and prevention with

existing resources or to retain current levels of inspection effectiveness even with reduced

personnel. This last point is especially important as governments are trying to reduce

their overhead costs by reducing government-agency personnel. Moreover, while our

study focuses on restaurant hygiene, the policy generalizes to other regulatory contexts.

Potential applications include inspection programs run by the Occupational Safety

and Health Administration (OSHA), the U.S. Food and Drug Administration (FDA),

the Environmental Protection Agency (EPA), the Centers for Medicare & Medicaid

Services (CMS), the National Highway Traffic Safety Administration (NHTSA), and their

international counterparts.

While our study offers valuable contributions, it is not without limitations. First, while

our simulation-based evaluation provides a robust assessment of the ML-INDEX policy’s

potential, it does not fully capture the complexity of real-world inspection dynamics. Future

empirical validation through field experiments would be important to substantiate the

real-world impact of ML-enhanced inspection resource allocation policies. Second, our

model restricts the strategy level of establishments, meaning that they do not explicitly

model the regulator’s behavior but base their decisions on past inspection patterns.

Extending the model to higher strategic interaction levels thus provides an interesting future

research opportunity. Third, using public data to inform inspection programs is not without

risks. Establishments might “game the system” and use negative Yelp reviews to increase

inspection scrutiny for their competitors. Such Yelp review fraud (Luca and Zervas 2016)
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would undermine the effectiveness of our policy if it can’t be detected in the prediction step.

In conclusion, this paper demonstrates the power of integrating predictive analytics

into regulatory decision-making. By formalizing misconduct dynamics and embedding

predictions into a principled resource allocation framework, regulators can move toward

more proactive, data-informed enforcement strategies. As regulatory challenges become

more complex and data-rich, such tools will be essential for building effective, efficient, and

adaptable oversight systems.



Chapter 6

Conclusion and Discussion

6.1 Discussion

This dissertation sought to prevent organizational misconduct by framing it as a high-level

concept encompassing several OSCM phenomena (see Figure 2.1 in Chapter 2) and

investigating its causes and potential prevention strategies in three contexts: informed

trading during the medical device recall process (Chapter 3), environmental injustice in US

manufacturing (Chapter 4), and restaurant hygiene violations (Chapter 5). Collectively,

these essays addressed two central research questions: (1) Why does organizational

misconduct occur in different operational contexts? and (2) How can it be effectively

prevented or mitigated?

While each essay focuses on a distinct type of misconduct, they all highlight common

preventative strategies, providing a more complete picture of how regulators and businesses

might lower the risk of misconduct. Rather than viewing misconduct as an ethical lapse

or managerial outlier, I conceptualize it as a process embedded in day-to-day operational

decisions, routines, and incentive structures (see also Palmer 2012). From this perspective,

misconduct can be prevented both by reshaping organizational systems to reduce the

pressures and predispositions that lead to misconduct (e.g., Chapter 4) and by improving

160
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the efficiency and effectiveness of regulatory interventions (e.g., Chapters 3 and 5).

The dissertation’s findings not only offer new avenues for OSCM research but also

provide practical guidance for firms and regulators looking to prevent and mitigate

misconduct. Next, I go over the essays’ key findings and discuss their implications for both

research and practice. Finally, I outline future research directions that expand on this work

and investigate other applications of misconduct prevention in operations management.

6.2 Key Implications

This dissertation offers several key implications for Operations and Supply Chain

Management (OSCM) research, management practice, and policymaking. To highlight

these implications, I present an overview of my essays in Table 6.1.

In Essay I, I analyzed informed trading by CEOs during the medical device recall. My

analysis shows that CEOs increase stock sales during the recall decision process, but only

for severe recalls without prior complaints. Doing so helps them avoid financial losses of up

to 20%. This presents novel evidence of illegal informed trading in an operational context.

These findings show that information asymmetry in operational decisions can be used for

personal gain, even in highly regulated environments. This emphasizes the significance of

balancing decision-making transparency and executive accountability. For policymakers,

the findings highlight an opportunity for regulators like the FDA and SEC to work more

closely together. For firms, the findings highlight the necessity of internal controls that

minimize opportunities for opportunistic behavior during sensitive operational procedures.

Essay II changed the focus to environmental injustice in the manufacturing sector, as

well as firm governance reforms. I find that appointing Chief Sustainability Officers (CSOs)

significantly reduces toxic releases, with facilities in underserved communities causing the

majority of the reduction. As such, appointing a CSO reduces environmental injustice. This

offers practical guidance to firms looking to balance environmental performance with equity
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issues, particularly in light of increased ESG scrutiny. For regulators, the findings show

how firm-level governance models might supplement traditional environmental regulatory

interventions to overcome persistent disparities.

In Essay III, I explored how regulators can use machine learning to better allocate

hygiene inspection resources in the restaurant industry. The findings show that, when

properly integrated into the decision-making process, predictive analytics can significantly

increase inspection program efficiency and reduce hygiene violations. This adds to the

growing literature on AI-supported operational decision-making and gives regulators a

framework for data-driven enforcement planning. The essay highlights how digital footprints

(such as customer reviews) can provide early warning signs of potential non-compliance,

allowing for more proactive responses via inspections. Furthermore, our proposed policy

is not restricted to the restaurant industry but extends to a wide range of contexts where

authorities regulate misconduct through inspections, such as OSHA for labor violations or

supplier audits for code of conduct violations.

Taken together, the three essays reveal a set of mechanisms—regulatory interventions

and firm governance reforms—that can be used to prevent or mitigate organizational

misconduct. These mechanisms are not mutually exclusive; instead, they can be included

in larger plans that connect operational decisions with legal, ethical, and social norms. This

suggests that OSCM scholars should incorporate more explicit consideration of misconduct

and prevention into their research agenda. For practitioners and regulators, the dissertation

gives practical insights for developing prevention strategies to reduce the occurrence of

organizational misconduct.

6.3 Future Research

This dissertation offers a novel operational perspective on organizational misconduct,

demonstrating how misaligned incentives, information asymmetries, and decay of routine
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adherence can give rise to harmful behaviors within firms. Building on this foundation,

my future research will continue to deepen and expand our understanding of misconduct in

operational contexts, with the ultimate aim of informing more effective prevention strategies.

Several natural extensions emerge from the dissertation essays. For example, Essay

I examines informed trading, a concern that regulators have responded to by requiring

CEOs to pre-schedule their trades up to 90 days in advance (Ramonas 2022). This

regulatory intervention prompts an important follow-up question: do trade schedules

inadvertently incentivize executives to delay bad news—such as product recalls—until after

their scheduled trade dates? I plan to study this by combining a stylized model of managerial

behavior with data on recall timing and executive stock trades.

A second promising direction concerns the role of supply chain transparency in shaping

public reactions to ESG violations. While experimental research indicates that transparency

can increase consumer willingness to pay and reduce negative reactions (e.g., Mollenkopf

et al. 2022, Kraft et al. 2022), I propose a more nuanced relationship: Transparent firms

may face stronger consumer penalties following violations, precisely because their customers

expect better behavior. I plan to empirically test this hypothesis using a regression

discontinuity in time design and high-frequency sales data.

Beyond these projects, I remain committed to the broader agenda of understanding

and preventing misconduct in various operational domains, including product safety issues,

employee mistreatment, and environmental violations. My current research conceptualizes

misconduct as a unifying concept underlying a wide range of operational misbehaviors (see

Chapter 2), and I plan to extend this theory through empirical tests across different settings

and industries. In doing so, I intend to contribute not only to the OSCM discipline but

also to the broader management and sociology literatures on organizational misconduct.

Ultimately, my goal is to provide insights that are practical, offering concrete solutions

to societal and economic challenges, and to contribute to a more responsible, ethical, and

sustainable business world.
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Fernández A, Garćıa S, Galar M, Prati RC, Krawczyk B, Herrera F (2018) Learning from imbalanced
data sets (Cham, Switzerland: Springer), ISBN 978-3-319-98073-7.

https://www.epa.gov/trinationalanalysis/source-reduction-activities
https://www.epa.gov/trinationalanalysis/source-reduction-activities
https://www.epa.gov/sites/default/files/2021-04/documents/ejscreen_technical_document.pdf
https://www.epa.gov/sites/default/files/2021-04/documents/ejscreen_technical_document.pdf
https://www.epa.gov/ems/what-ems
https://www.epa.gov/toxics-release-inventory-tri-program/what-toxics-release-inventory
https://www.epa.gov/toxics-release-inventory-tri-program/what-toxics-release-inventory
http://dx.doi.org/10.3386/w29715
https://www.fdanews.com/ext/resources/files/08/08-20-14-DiamondbackRecall.pdf
https://www.fdanews.com/ext/resources/files/08/08-20-14-DiamondbackRecall.pdf
https://www.fda.gov/medical-devices/postmarket-requirements-devices/recalls-corrections-and-removals-devices
https://www.fda.gov/medical-devices/postmarket-requirements-devices/recalls-corrections-and-removals-devices
https://www.fda.gov/medical-devices/postmarket-requirements-devices/recalls-corrections-and-removals-devices
https://www.fda.gov/medical-devices/mandatory-reporting-requirements-manufacturers-importers-and-device-user-facilities/about-manufacturer-and-user-facility-device-experience-maude
https://www.fda.gov/medical-devices/mandatory-reporting-requirements-manufacturers-importers-and-device-user-facilities/about-manufacturer-and-user-facility-device-experience-maude
https://www.fda.gov/medical-devices/mandatory-reporting-requirements-manufacturers-importers-and-device-user-facilities/about-manufacturer-and-user-facility-device-experience-maude
https://www.fda.gov/medical-devices/mandatory-reporting-requirements-manufacturers-importers-and-device-user-facilities/about-manufacturer-and-user-facility-device-experience-maude
https://www.fda.gov/safety/medwatch-fda-safety-information-and-adverse-event-reporting-program/reporting-serious-problems-fda
https://www.fda.gov/safety/medwatch-fda-safety-information-and-adverse-event-reporting-program/reporting-serious-problems-fda
https://www.fda.gov/safety/medwatch-fda-safety-information-and-adverse-event-reporting-program/reporting-serious-problems-fda


170

Finney HC, Lesieur HR (1982) A Contingency Theory of Organizational Crime. Bacharach SB,
ed., Research in Sociology of Organizations, 255–299 (Greenwich CT: JAI Press), ISBN
978-0892321704.

Fiol CM, Lyles MA (1985) Organizational Learning. The Academy of Management Review 10(4):803.

Friedman J, Hastie T, Tibshirani R (2000) Additive logistic regression: a statistical view of boosting
(With discussion and a rejoinder by the authors). The Annals of Statistics 28(2).

Friedman JH (2001) Greedy function approximation: A gradient boosting machine. The Annals of
Statistics 29(5).

Friedman L (Mar 11, 2025) E.P.A. Plans to Close All Environmental Justice Offices. New York
Times (Online); New York .

Fu R, Tang Y, Chen G (2020) Chief sustainability officers and corporate social (Ir)responsibility.
Strategic Management Journal 41(4):656–680.

Fu W, Kalkanci B, Subramanian R (2019) Are Hazardous Substance Rankings Effective? An
Empirical Investigation of Information Dissemination About the Relative Hazards of Chemicals
and Emissions Reductions. Manufacturing & Service Operations Management 21(3):602–619.

Fuhr T, George K, Pai J (2013) The Business Case for Medical Device Quality. https:

//www.mckinsey.com/~/media/mckinsey/dotcom/client_service/public%20sector/

regulatory%20excellence/the_business_case_for_medical_device_quality.ashx.

Gawande K, Bohara AK (2005) Agency Problems in Law Enforcement: Theory and Application to
the U.S. Coast Guard. Management Science 51(11):1593–1609.

Geltman EG, Gill G, Jovanovic M (2016) Beyond Baby Steps: An Empirical Study of the Impact
of Environmental Justice Executive Order 12898. Family & community health 39(3):143–150.

Genn H (1993) Business Responses to the Regulation of Health and Safety in England*. Law &
Policy 15(3):219–233.

Gioia DA (1992) Pinto Fires and Personal Ethics: A Script Analysis of Missed Opportunities. Journal
of Business Ethics 11(5):379–389.

Gmytrasiewicz PJ, Doshi P (2005) A Framework for Sequential Planning in Multi-Agent Settings.
Journal of Artificial Intelligence Research 24:49–79.

Greve HR, Palmer D, Pozner JE (2010) Organizations Gone Wild: The Causes, Processes, and
Consequences of Organizational Misconduct. Academy of Management Annals 4(1):53–107.

Guerette RT, Bowers KJ (2009) Chapter Assessing the Extent of Crime Displacement and
Diffusion of Benefits: A Review of Situational Crime Prevention Evaluations. Criminology
47(4):1331–1368.

Gupta A, Fung A, Murphy C (2021) Out of character: CEO political ideology, peer influence,
and adoption of CSR executive position by Fortune 500 firms. Strategic Management Journal
42(3):529–557.

Ha AY, Shang W, Wang Y (2023) Supplier Audit Information Sharing and Responsible Sourcing.
Management Science 69(1):308–324.

Hambrick DC, Cannella AA (2004) CEOs who have COOs: contingency analysis of an unexplored
structural form. Strategic Management Journal 25(10):959–979.

Hardcopf R, Shah R, Dhanorkar S (2021) The Impact of a Spill or Pollution Accident on Firm
Environmental Activity: An Empirical Investigation. Production and Operations Management
30(8):2467–2491.

Hartmann J, Forkmann S, Benoit S, Henneberg SC (2022) A consumer perspective on managing the
consequences of chain liability. Journal of Supply Chain Management 58(4):58–89.

https://www.mckinsey.com/~/media/mckinsey/dotcom/client_service/public%20sector/regulatory%20excellence/the_business_case_for_medical_device_quality.ashx
https://www.mckinsey.com/~/media/mckinsey/dotcom/client_service/public%20sector/regulatory%20excellence/the_business_case_for_medical_device_quality.ashx
https://www.mckinsey.com/~/media/mckinsey/dotcom/client_service/public%20sector/regulatory%20excellence/the_business_case_for_medical_device_quality.ashx


171

Hawkins JT (2003) A Lagrangian Decomposition Approach to Weakly Coupled Dynamic
Optimization Problems and its Applications. Doctor of philosophy in operations research,
Massachusetts Institute of Technology.

Heckman JJ (1976) The Common Structure of Statistical Models of Truncation, Sample Selection
and Limited Dependent Variables and a Simple Estimator for Such Models. Annals of economic
and social measurement 5(4).

Heitz A, Wang Y, Wang Z (2021) Corporate Political Connections and Favorable Environmental
Regulatory Enforcement. Management Science .

Hersel MC, Helmuth CA, Zorn ML, Shropshire C, Ridge JW (2019) The Corrective Actions
Organizations Pursue Following Misconduct: A Review and Research Agenda. Academy of
Management Annals 13(2):547–585.

Hersher R (2018) After Decades Of Air Pollution, A Louisiana Town Rebels Against A Chemical
Giant. https://www.npr.org/sections/health-shots/2018/03/06/583973428/after-

decades-of-air-pollution-a-louisiana-town-rebels-against-a-chemical-giant.

Ho DE (2012) Fudging the Nudge: Information Disclosure and Restaurant Grading. The Yale Law
Journal 122(3).

Ho DE, Ashwood ZC, Handan-Nader C (2019) New Evidence on Information Disclosure through
Restaurant Hygiene Grading. American Economic Journal: Economic Policy 11(4):404–428.

Hou J, Jiang DL, Ma X, Gopal A (Forthcoming) The Costs of Ambiguous Information Disclosure:
On the Unintended Consequences of Providing Restaurant Hygiene Scores on Platforms in the
United. Information Systems Research .

Hu K, Chopra S, Chen Y (2021) The Effect of Tightening Standards on Automakers’
Non–compliance. Production and Operations Management 30(9):3094–3115.

Huang X, Tereagoglu N, Atasu A, Toktay LB (2022) Lemons, Trade-Ins and Certified Pre-Owned
Programs. Working Paper .

Huddart S, Ke B, Shi C (2007) Jeopardy, non-public information, and insider trading around SEC
10-K and 10-Q filings. Journal of Accounting and Economics 43(1):3–36.

Hyndman RJ, Athanasopoulos G (2018) Forecasting: Principles and practice (Melbourne, Australia:
OTexts), 2nd ed. edition.

Ibanez MR, Toffel MW (2020) How Scheduling Can Bias Quality Assessment: Evidence from
Food-Safety Inspections. Management Science 66(6):2396–2416.

Jackson CH (2011) Multi-State Models for Panel Data: The msm Package for R. Journal of Statistical
Software 38(8).

Jacobs BW, Singhal VR (2017) The effect of the Rana Plaza disaster on shareholder wealth
of retailers: Implications for sourcing strategies and supply chain governance⋆. Journal of
Operations Management 49-51(1):52–66.

Jagolinzer AD, Larcker DF, Ormazabal G, Taylor DJ (2020) Political Connections and the
Informativeness of Insider Trades. The Journal of Finance 75(4):1833–1876.

Jagolinzer AD, Larcker DF, Taylor DJ (2011) Corporate Governance and the Information Content
of Insider Trades. Journal of Accounting Research 49(5):1249–1274.

Jarrell G, Peltzman S (1985) The Impact of Product Recalls on the Wealth of Sellers. Journal of
Political Economy 93(3):512–536.

Jensen MC, Meckling WH (1976) Theory of the firm: Managerial behavior, agency costs and
ownership structure. Journal of financial economics 3(4):305–360.

https://www.npr.org/sections/health-shots/2018/03/06/583973428/after-decades-of-air-pollution-a-louisiana-town-rebels-against-a-chemical-giant
https://www.npr.org/sections/health-shots/2018/03/06/583973428/after-decades-of-air-pollution-a-louisiana-town-rebels-against-a-chemical-giant


172

Jessop S (2021) Investors push world’s top chemicals companies over hazardous substances. Reuters
.

Jiang B (2009) The effects of interorganizational governance on supplier’s compliance with SCC:
An empirical examination of compliant and non-compliant suppliers. Journal of Operations
Management 27(4):267–280.

Jiang X, Menon A, Wang S, Kim J, Ohno-Machado L (2012) Doubly Optimized Calibrated
Support Vector Machine (DOC-SVM): an algorithm for joint optimization of discrimination
and calibration. PloS one 7(11):e48823.

Jin GZ, Leslie P (2003) The Effect of Information on Product Quality: Evidence from Restaurant
Hygiene Grade Cards. The Quarterly Journal of Economics 118(2):409–451.

Johnson MS, Levine DI, Toffel MW (2023) Improving Regulatory Effectiveness through Better
Targeting: Evidence from OSHA. American Economic Journal: Applied Economics
15(4):30–67.

Joseph J, Wilson AJ (2018) The growth of the firm: An attention–based view. Strategic Management
Journal 39(6):1779–1800.

Kalkanci B, Rahmani M, Toktay LB (2019) The Role of Inclusive Innovation in Promoting Social
Sustainability. Production and Operations Management 28(12):2960–2982.

Kamalzadeh H, Ahuja V, Hahsler M, Bowen ME (2021) An Analytics–Driven Approach for Optimal
Individualized Diabetes Screening. Production and Operations Management 30(9):3161–3191.

Kanashiro P, Rivera J (2019) Do Chief Sustainability Officers Make Companies Greener? The
Moderating Role of Regulatory Pressures. Journal of Business Ethics 155(3):687–701.

Kang JS, Kuznetsova P, Luca M, Choi Y (2013) Where Not to Eat? Improving Public Policy by
Predicting Hygiene Inspections Using Online Reviews. Proceedings of the 2013 Conference on
Empirical Methods in Natural Language Processing 1443–1448.

Karpoff JM, Lee DS, Vendrzyk VP (1999) Defense Procurement Fraud, Penalties, and Contractor
Influence. Journal of Political Economy 107(4):809–842.

Kassinis G, Vafeas N (2002) Corporate boards and outside stakeholders as determinants of
environmental litigation. Strategic Management Journal 23(5):399–415.

Kelley HH, Michela JL (1980) Attribution theory and research. Annual review of psychology
31:457–501.

Kim S, Oh S (2023) Outside directors’ insider trading around board meetings. Review of Accounting
Studies .

Kim S, Wagner SM (2021) Examining the Stock Price Effect of Corruption Risk in the Supply Chain.
Decision Sciences 52(4):833–865.

Kim Y, Xu Y (2024) Operational Risk Management: Optimal Inspection Policy. Management
Science 70(6):4087–4104.

Kistler JT, Sharma L, Jayaram J, Eckerd S (2024) Does history really repeat itself? An empirical
investigation of recurring misconduct violations in public procurement. Journal of Purchasing
and Supply Management 30(1):100893.

Kochenderfer MJ, Wheeler TA, Wray KH (2022) Algorithms for decision making (Cambridge
Massachusetts: The MIT Press), ISBN 9780262047012.

Kraft T, Valdés L, Zheng Y (2022) Consumer trust in social responsibility communications: The
role of supply chain visibility. Production and Operations Management .

Kuhn M (2019) The caret Package. https://topepo.github.io/caret/index.html.

https://topepo.github.io/caret/index.html


173

Kumar A, Paraskevas JP (2018) A Proactive Environmental Strategy: Analyzing the Effect of SCM
Experience, Age, and Female Representation in TMT s. Journal of Supply Chain Management
54(4):20–41.

Kurniawati H, Hsu D, Lee WS (2009) SARSOP: Efficient Point-Based POMDP Planning
by Approximating Optimally Reachable Belief Spaces. Brock O, Trinkle JC, Ramos F,
eds., Robotics: Science and Systems IV, 65–72 (Cambridge Mass.: MIT Press), ISBN
9780262513098, http://dx.doi.org/10.15607/RSS.2008.IV.009.

Lam HKS, Ding L, Dong Z (2022) The impact of foreign competition on domestic firms’ product
quality: Evidence from a quasi–natural experiment in the United States. Journal of Operations
Management 68(8):881–902.

Lange D, Washburn NT (2012) Understanding Attributions of Corporate Social Irresponsibility.
Academy of Management Review 37(2):300–326.

Law AM (2013) Simulation modeling and analysis. McGraw-Hill series in industrial engineering
and management science (Dubuque: McGraw-Hill Education), fifth edition edition, ISBN
9780073401324.
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B.1 Overview of the Quality and Operations Officer Roles

Table B.1: Detailed Overview of the Quality and Operations Officer Roles

Rolename Rolename

Senior VP - Ops Chief Operations Officer

Vice President - Ops President - Quality

Executive VP - Ops Regional President - Operations

Vice President - Quality Senior VP/Chief Quality Officer

President - Operations Vice President - Global Operations

Senior VP - Quality Division Executive VP - Ops

Vice President - Regulatory
Affairs/Quality

Executive VP - Quality

Senior VP - Quality & Regulatory Affairs Senior VP - Worldwide Ops

Division Senior VP - Ops Vice President - Quality Affairs

Executive VP - Technical Operations Chief Medical Advisor

Executive VP - International Operations Corporate VP - Operations

Division VP - Ops Executive VP - Global Operations

Regional VP - Operations Group VP - Ops

Regional Senior VP - Ops Senior VP - Global Operations

Vice Chairman - Operations Senior VP - HR/Ops

Vice President - Worldwide Ops Chief Regulatory Officer/VP

Division President - Ops Senior VP/Chief of Operations

Executive VP/Chief Compliance Quality
& Risk Officer

Regional Executive VP - Ops

Senior VP - Sales/Ops Senior VP - Ops/COO

Senior VP/Chief Operations Officer Senior VP/Chief of Operations

Vice President - Global
Operations/Supply Chain

Vice President - Ops/Development

Senior VP/Chief Technical Operations
Officer

Vice President - Operation/Quality

Vice President - Technical Operations Vice President - Ops/Sales

Notes: Following established practice to identify specific officers (e.g., Fu et al. 2020, Roh et al. 2016,
Hambrick and Cannella 2004), we identify quality and operations officers if their titles include relevant
keywords such as “Ops,” “Operations,” or “Quality.”
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Table C.1: Description of Relevant Variables

Variable Unit Definition Source

Toxic Releases
(in 1,000s lb)

1000
Pounds

The total sum of a specific chemical that a facility
releases in a year.

TRI

After CSO
Appointment

{0,1} A binary variable that equals 1 if the observation
is after the parent firm created a CSO role and is
zero otherwise.

BoardEx

Underserved {0,1} A binary variable that equals 1 if the percentile
of Black/African American in a facility’s host
neighborhood is higher than the median value for
Black/African American in the facility’s state.

ACS

Production
Ratio

n.a. The ratio of the current year’s production to the
prior year’s production of the product(s) that
contribute to the generation of the chemical as
reported by the facility.

TRI

Toxicity Ratio n.a. The ratio of the facility’s total toxicity-weighted
chemical releases in the current year to the prior
year. The variable is log-scaled to reduce the skew.

TRI,
RSEI

Tenure of
Certifying
Official

Years The number of subsequent years in which the same
official signed the TRI submission form for the
chemical.

TRI

Tenure of
Technical
Person

Years The number of subsequent years in which the same
technical person was listed on the TRI submission
form for the chemical.

TRI

Environmental
Management
System (EMS)

{0,1} A binary variable that equals 1 if the
facility reports any source reduction activities
attributable to an EMS in the last three years
and is zero otherwise.

TRI

Regulatory
Pressure

[0,100] The extent to which the U.S. House of
Representatives members from a state voted in
favor of more stringent environmental regulations.

LCV

Republican
Vote in County

[0,100] The percentage of voters in the county that
voted for the Republican nominee in the last
Presidential election.

MEDSL

Total
Population (in
100s)

Count The total population (in 100s) residing in the
1-mile host neighborhood of a facility.

ACS

Black/African

American

[0,100] The percentile of Black or African American
persons residing in the 1-mile host neighborhood
of a facility.

ACS

Note. TRI: Toxic Release Inventory; ACS: American Community Survey; RSEI: Risk-Screening
Environmental Indicators; LCV: League of Conservation Voters; MEDSL: MIT Election Data and Science
Lab
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C.2 Computing the Demographics Around a Facility

To compute the demographic characteristics of the population in a facility’s host
neighborhood we combine facility longitude and latitude information from the TRI data
with block group level information from the U.S. Census American Community Survey
using the R packages tidycensus (Walker and Herman 2023), tigris (Walker 2023), and
sf (Pebesma and Bivand 2023, Pebesma 2018). Figure C.1 illustrates the computation of
the demographics in a 1-mile-radius host neighborhood around a facility, using the example
of an Ecolab facility in Philadelphia County, Pennsylvania. The figure displays part of the
county, with the triangular marker indicating the facility’s location. The borders within
the figure represent census block groups for which we collect demographic information. The
circle is a 1-mile-radius host neighborhood around the facility. We compute the demographic
characteristics as the weighted average of the percentage of Black or African American
persons in the host neighborhood, where the overlap between the host neighborhood and
the census block group is the weight.

Figure C.1: Example of 1-mile-Radius Host Neighborhood

The figure presents the 1-mile-radius host neighborhood around an Ecolab
facility in Philadelphia County, Pennsylvania.
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C.3 Variable Balance After Matching

Figure C.2: Variable Balance After Matching: Covariate Balance

The plot presents the matching variables on the y-axis and their standardized mean differences between the
unmatched and matched samples on the x-axis. Circular points indicate the standardized mean difference in
the unmatched sample; triangular points signify the corresponding values in the matched sample. Varibles
above the solid line are those used to compute the propensity score. Variables below the solid line are
those used in the CEM step. The figure highlights that the matching procedure balances the sample’s
characteristics.
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Figure C.3: Variable Balance After Matching: Distributional Balance

Akin to Figure 4.2, these plots present the distributional balance for the ’Unmatched’ and ’Matched’
samples but focus on the balance of the individual matching variables. The sub-figures in the left column
display histograms of the distributional densities, the sub-figures in the middle column display the empirical
cumulative distribution functions, and the sub-figures in the right column display overlapping density plots.
The figure highlights that the matching procedure balances the sample’s characteristics.
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C.4 Linear Regression for Pre-Treatment Trends

Table C.2: Linear Regression Results of Pre-Treatment Trends

Two-Way Fixed Effects Coefficients

Intercept 1.075
(1.268)

Time to CSO Appointment 0.194
(0.383)

Num.Obs. 64

Note. The table presents the results of a pre-treatment trend test. Each
observation is a group–relative year coefficient from the dynamic treatment effects
event study in Section 4.6.1. Here, a group refers to a CSO appointment year
(e.g. 2005 or 2013), and a relative year refers to the time to CSO appointment (we
include -5 to -2 in the analysis because -1 is the omitted reference category). The
insignificant intercept indicates that the pre-treatment coefficients are not different
from zero and the insignificant Time to CSO Appointment coefficient indicates
that there is no trend in the pre-treatment coefficients. Heteroskedasticity robust
standard errors are in parentheses. * p < 0.05; ** p < 0.01; *** p < 0.001
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C.5 Alternative Matching Methods
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C.6 Alternative Measures of Underserved Communities

In our main analysis, we define underserved communities based on the percentage of Black
or African American individuals residing within a 1-mile radius of the host neighborhood.
As a robustness check, we assess whether our findings hold under alternative definitions of
underserved communities, varying our approach along three dimensions:

1. Expanding the definition to include both Black/African American and the so-called
Demographic Index, which accounts for both race and income levels (EPA 2022).

2. Adjusting the geographic scope by considering both a 1-mile and 3-mile radius to
define the host neighborhood.

3. Using different threshold values, specifically the 50th and 80th percentile, to classify
communities as underserved.

We compute the Demographic Index as follows:

Demographic Indexit = 1− Black/African Americanit + Low Incomeit
2

, (C.1)

where Black/African Americanit is defined in Eq. (4.1) and Low Incomeit is defined
according to (EPA 2022):

Low Incomeit = 1− (People with Ratio of Income to Poverty from 2.00 and Above)it
Total Population Whose Poverty Status is Knownit

.

(C.2)
Table C.3 presents the results of these alternative specifications. Consistent with our main
findings (Panel A, Columns 1-3), we find that our results remain robust across different
definitions of underserved communities. Specifically, appointing a CSO is associated
with a reduction in toxic releases, with a stronger effect observed for facilities located in
underserved communities.
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Figure C.4: Specification Analysis of Alternative Matching Settings

This figure shows the robustness of the analysis to different matching settings. The first
panel presents the coefficient and 95% confidence interval corresponding to our main estimate of
‘After CSO Appointment’ (Column 3, Table 4.3). The second panel presents the coefficient and
95% confidence interval corresponding to ‘After CSO Appointment’ in underserved communities
(Column 5, Table 4.3). The third panel presents the sample size of the matched sample. The
fourth panel presents the matching settings with full bullets indicating the setting that has been
used. For instance, the leftmost specification uses exact matching on Chemical and community
type combined with coarsened exact matching using four bins for Regulatory Pressure, Population
in 1 Mile, Percentile of Black/African American, and a CSO appointment propensity score
(calculated from ESG Controversies Score, ESG Emission Score, ESG Score, and Firm Size).
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Table C.3: Robustness Results for the Moderation Effect Analysis with Alternative
Measures for Underserved Community

Toxic Releases (in 1,000s lb)

Cutoff: 50th percentile Cutoff: 80th percentile

(1) (2) (3) (4) (5) (6)

Panel A: Using Black/African American within 1 mile to identify underserved communities

After CSO Appointment −4.582** −1.046 −6.352*** −4.525** −3.021* −9.154**
(1.427) (1.692) (1.910) (1.374) (1.382) (3.449)

Num.Obs. 125,878 43,412 82,466 130,579 104,538 26,041
R2 0.852 0.876 0.843 0.859 0.859 0.862

Panel B: Using Demographic Index † within 1 mile to identify underserved communities

After CSO Appointment −5.002*** −2.288 −6.753** −4.267** −3.222* −9.448*
(1.488) (1.940) (2.091) (1.316) (1.336) (3.762)

Num.Obs. 122,892 47,088 75,804 128,634 108,656 19,978
R2 0.852 0.838 0.858 0.851 0.848 0.867

Panel C: Using Black/African American within 3 miles to identify underserved communities

After CSO Appointment −4.931*** −2.843 −5.638** −6.023*** −5.451*** −8.404*
(1.495) (2.391) (1.840) (1.531) (1.593) (3.778)

Num.Obs. 130,831 37,870 92,961 133,823 106,155 27,668
R2 0.847 0.860 0.843 0.853 0.854 0.851

Panel D: Using Demographic Index † within 3 mile to identify underserved communities

After CSO Appointment −4.626*** −2.897 −5.608** −4.463** −3.289* −11.864*
(1.368) (1.586) (1.931) (1.413) (1.362) (4.609)

Num.Obs. 125,306 45,940 79,366 128,950 114,708 14,242
R2 0.855 0.869 0.848 0.852 0.852 0.855

Controls Yes Yes Yes Yes Yes Yes
Facility-Chemical Pair FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes

Sample All
Better-Served
Community

Underserved
Community

All
Better-Served
Community

Underserved
Community

Note. The table presents the results of a two-way fixed effects regression with Toxic Release Ratio
as the dependent variable. Each panel represents a different sample based on alternative definitions of
underserved communities. The unit of analysis is facility-chemical-year. The controls include all variables
from Section 4.4.2. Clustered standard errors in parentheses. * p < 0.05; ** p < 0.01; *** p < 0.001
†: We compute the Demographic Index for facility i as the average between the percentage of Black or African
American persons and the percentage of persons living below twice the poverty line (i.e., low-income persons)
in the facility’s host neighborhood.
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C.7 Sub-Sample Event Study

Section 4.6.1 presents an event study plot using the dynamic treatment effects estimator
from Sun and Abraham (2021). Here, we present the same event study plot but distinguish
between facilities in better-served and underserved communities. The regression coefficients
corresponding to this plot are in Columns (2) and (3) of Table 4.4.

Figure C.5: Event Plot of the Effect of CSO Appointments on Toxic Releases by Community
Type

This figure shows the dynamic treatment effects for five years before to five years after the appointment
of a Chief Sustainability Officer (CSO) by the type of community in which a facility is located. The y-axis
reports the estimated coefficients and 95% confidence intervals for the dependent variable: toxic releases in
1,000 pounds. The x-axis shows the relative time from the CSO appointment, with negative values indicating
years before the appointment.
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C.8 Placebo Analysis

As discussed in Section 4.6.1, we implement a placebo analysis to further reduce concerns
that our results might be driven by chance (Dhanorkar and Muthulingam 2020, Dhanorkar
2019). In this analysis, we assign observations to the treatment or control group by
randomly allocating a CSO appointment year at the firm level. The below Figure shows
the distribution of coefficients from 500 placebo samples.

Figure C.6: Placebo Analysis Results

This figure displays the distribution of coefficients for ‘After CSO Appointment’ obtained by re-estimating
Equation 4.2 in 500 pseudo-samples generated by assigning firms to the treatment or control group by
randomly allocating a CSO appointment year to them. Panel A represents the coefficients corresponding to
our main analysis (Column 3, Table 4.3. The dashed vertical line denotes our original estimate. It is the
34th largest negative value, implying a p-value of 0.068. Panel B represents the coefficients corresponding
to our analysis for underserved communities (Column 5, Table 4.3. Our original estimate is the 18th largest
negative value, implying a p-value of 0.036.
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C.9 Instrumental Variable Approach

Thus far, we have relied on a TWFE approach to identify the effect of appointing a
CSO on toxic releases. In this section, we employ an instrumental variable approach as
an alternative identification strategy to strengthen the robustness of our findings. This
approach helps to alleviate concerns that our main findings are driven by a broader shift in
a firm’s environmental priorities rather than the CSO appointment itself (Section 4.6.2).

Instrumental variables are a common identification strategy in governance-related
operations management research (Ambulkar et al. 2023, Wowak et al. 2021). Using an
instrument allows us to isolate the effects of appointing a CSO from other factors. This
approach not only provides an additional means of identification, bolstering our research’s
internal validity, but also allows us to examine the full sample without losing observations
to matching.

One special feature of our treatment is that it is binary. We leverage this by using
a method proposed by Wooldridge (2010) that incorporates a binary treatment into a
two-stage least squares (2SLS) approach. This method uses a probit model to predict
whether a firm will appoint a CSO based on certain factors, then uses those predictions as
the instrument for the CSO appointment in a 2SLS model. Specifically, we first estimate the
following zero-stage probit regression, in which we regress CSO presence on our established
control variables (Xijct) and a firm-level instrument (Zjt):

Pr(CSO = 1|Xijct, Zjt) = Φ(βXijct, γZjt) (C.3)

We then use the predicted values from Equation C.3, ĈSO, as the instrument in a 2SLS
approach. We use this approach for two reasons. First, it yields more precise estimates than
omitting the zero-stage probit estimation (Wooldridge 2010). Second, it does not technically
require an excluded instrument for identification because of the nonlinear relationship
between different stages (Ren et al. 2011).

However, to make the source of the identification clearer, we include a well-established
instrumental variable: the proportion of directors on a focal firm’s board who also sit on
other boards where the other firm has a CSO (Ambulkar et al. 2023, Wowak et al. 2021,
Adams and Ferreira 2009). We lag this variable by one year to ensure that it does not
capture changes in the priorities of the firm, which influence both the board composition
and the CSO appointment.

A valid instrumental variable must satisfy two key assumptions: relevance and exclusion
restriction. The relevance assumption is met if the instrument is correlated with the decision
to appoint a CSO. The exclusion restriction holds if the instrument affects toxic releases
only through the appointment of a CSO and not through other channels. We argue that
our instrument fulfills both criteria. First, the exclusion restriction is upheld by the nature
of our instrument. The directors that we use to construct our instrument come from a
diverse set of industries. Many of these industries, such as finance and services, do not
directly engage in activities related to toxic emissions or manufacturing. As a result, board
composition shaped by these industries is unlikely to directly affect toxic releases at the focal
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firm, except through the appointment of a CSO. Additionally, previous studies (Ambulkar
et al. 2023, Wowak et al. 2021, Adams and Ferreira 2009) have used similar instruments in
the context of governance decisions, demonstrating that while governance decisions across
firms may influence one another, they do not directly impact operational outcomes like toxic
releases, further supporting the exclusion restriction.

The relevance assumption holds because, as shown by Gupta et al. (2021), firm
governance practices, including the appointment of a CSO, are subject to mimetic
isomorphism. When directors hold board positions at firms that have appointed CSOs,
they are likely to encourage the same practice at the focal firm, increasing the probability
of CSO appointment. This mechanism establishes a clear link between our instrument and
the likelihood of appointing a CSO.

Table C.4: 2SLS Analysis of the Effect of CSO Presence on Toxic Releases

1st Stage 2nd Stage

(1) (2) (3) (4) (5) (6)

ĈSO from (C.3) 1.066*** 1.054*** 1.075***
(0.024) (0.041) (0.028)

Presence of a CSO −9.266*** −5.669* −11.446***
(1.981) (2.713) (2.711)

Controls Yes Yes Yes Yes Yes Yes
Facility-Chemical Pair FE No No No Yes Yes Yes
Year fixed effects Yes Yes Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes Yes Yes

Sample All
Better-Served
Community

Underserved
Community

All
Better-Served
Community

Underserved
Community

Num.Obs. 384,151 154,550 229,601 384,151 154,550 229,601
R2 0.786 0.789 0.786 0.851 0.857 0.848
Kleibergen-Paap rk Wald F statistic 2033.45 662.75 1465.66

Note. The table presents the results of the instrumental variable analysis with toxic releases in 1000
pounds as the dependent variable. The instrument is the fraction of directors on the board who sit on other
boards for firms that have a CSO. The controls include all variables from Section 4.4.2. Clustered standard
errors in parentheses. * p < 0.05; ** p < 0.01; *** p < 0.001.

Table C.4 presents the results of our 2SLS analysis. The independent variable of interest
is the presence of a CSO. Columns (1) through (3) present the first stage results. Column
(4) presents results corresponding to Hypothesis 1, and columns (5) and (6) present results

corresponding to Hypothesis 2. The first stage coefficients for ĈSO as the instrument
are significant (p < 0.001), and the F statistics exceed the Stock and Yogo (2002) critical
value of 16.38. This indicates the strong statistical relevance of our instrument. Consistent
with our main findings, the presence of a CSO results in a significant reduction of toxic
releases (−9.266; p < 0.001). Furthermore, the effect is stronger for facilities in underserved
communities (−11.446; p < 0.001) than for those in better-served communities (−5.669; p <
0.05). Together, these results lend confidence to our findings.
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C.10 Alternative Explanation: Any CSO Role Affects Toxic
Releases

A potential alternative explanation for our main findings is that any intervention aimed at
increasing awareness of sustainability issues would suffice to create the observed effect (see
Section 4.6.2 for a detailed discussion). We test this using the creation of ESG committees as
an example. The results in Table C.5 show that creating ESG committees is not associated
with changes in toxic releases—regardless of community type. These findings underscore
that not all governance interventions designed to heighten sustainability awareness produce
the same effects and reinforce the distinct role of CSOs. Thereby, ruling out this alternative
explanation.



203

Table C.5: Two-Way Fixed Effects Results of the Effect of ESG Committee Creation on
Toxic Releases

Toxic Releases (in 1,000s lb)

(1) (2) (3) (4) (5)

After ESG Committee 1.532 1.689 1.689 0.071 2.492
(2.217) (2.153) (2.156) (2.498) (2.690)

Production Ratio 2.430** 2.430** 2.531 2.477*
(0.852) (0.853) (1.326) (1.055)

Toxicity Ratio 0.732** 0.732** 1.151** 0.291
(0.252) (0.252) (0.408) (0.253)

Tenure of Certifying Official 0.556 0.556 0.146 0.800
(0.360) (0.361) (0.260) (0.526)

Tenure of Technical Person 0.431* 0.431* 0.685** 0.323
(0.204) (0.205) (0.263) (0.292)

Environmental Management System −0.240 −0.240 0.411 −0.563
(1.005) (1.007) (1.982) (1.167)

Regulatory Pressure −0.072 −0.072 −0.056 −0.045
(0.086) (0.087) (0.105) (0.102)

Republican Vote in County 0.010 0.010 −0.031 0.067
(0.114) (0.114) (0.194) (0.079)

Total Population (in 100s) −0.005 −0.005 0.040 −0.068
(0.163) (0.164) (0.348) (0.168)

Black/African American 0.130 0.130 0.144 −0.244
(0.145) (0.146) (0.145) (0.396)

Facility-Chemical Pair FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Firm FE No No Yes Yes Yes

Sample All All All
Better-Served
Community

Underserved
Community

Num.Obs. 62,448 62,448 62,448 24,584 37,864
R2 0.803 0.804 0.804 0.835 0.787

Note. The table presents the results of a two-way fixed effects regression with toxic releases in 1000
pounds as the dependent variable. The unit of analysis is facility-chemical-year. Akin to the identification
of CSOs, we identify ESG committees from the BoardEx database based on committee titles containing
“sustainability,” “sustainable,” “responsibility,” “ethics,” or “environment.” Clustered standard errors in
parentheses. * p < 0.05; ** p < 0.01; *** p < 0.001
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C.11 Alternative Explanation: Outsourcing of Production

A potential alternative explanation for our main findings is that facilities outsource or reduce
their production following the appointment of a CSO, leading to a reduction of toxic releases
(see Section 4.6.2 for a detailed discussion). We test this using the production ratio as the
dependent variable. The results in Table C.5 show that the reduction in toxic releases
following a CSO appointment is not driven by outsourcing or production displacement.
Thereby, ruling out this alternative explanation.

Table C.6: Two-Way Fixed Effects Results of the Effect of CSO Appointments on
Production Ratio

Production Ratio

(1) (2) (3) (4) (5)

After CSO Appointment 0.010 0.008 0.008 0.003 0.009
(0.010) (0.010) (0.010) (0.016) (0.013)

Toxicity Ratio 0.038*** 0.038*** 0.042*** 0.036***
(0.004) (0.004) (0.008) (0.005)

Tenure of Certifying Official 0.002 0.002 0.003 0.001
(0.001) (0.001) (0.002) (0.001)

Tenure of Technical Person −0.002 −0.002 −0.006** 0.000
(0.001) (0.001) (0.002) (0.001)

Environmental Management System −0.003 −0.003 −0.009 −0.001
(0.010) (0.010) (0.015) (0.013)

Regulatory Pressure 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000)

Republican Vote in County 0.001 0.001 0.000 0.001
(0.001) (0.001) (0.001) (0.001)

Total Population (in 100s) 0.001* 0.001* −0.002 0.002**
(0.000) (0.000) (0.001) (0.001)

Black/African American −0.001 −0.001 −0.001 −0.001
(0.001) (0.001) (0.001) (0.001)

Facility-Chemical Pair FE Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Firm FE No No Yes Yes Yes

Sample All All All
Better-Served
Community

Underserved
Community

Num.Obs. 125,878 125,878 125,878 43,412 82,466
R2 0.142 0.149 0.149 0.151 0.150

Note. The table presents the results of a two-way fixed effects regression with Production Ratio as the
dependent variable. The unit of analysis is facility-chemical-year. Clustered standard errors in parentheses.
* p < 0.05; ** p < 0.01; *** p < 0.001
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C.12 Heterogeneity of CSO Appointment Effect

The findings about the effect of CSO appointments prompt an interesting question: Does
the effect of appointing a CSO differ depending on the characteristics of who fills the office?
Factors like CSO gender and race could both have a significant impact on the outcomes.
Figure C.7 examines these factors in the context of CSO appointments.

Figure C.7: Effect of CSO Appointments based on the CSO’s Race and Gender

The coefficients are based on estimating Equation (4.2) with different CSO subsets as the treatment.
We identify male and female CSOs based on the gender listed in BoardEx, and race/ethnicity using the
R package predictrace, supplemented by a manual review of officers’ online presence. Out of the 165
overall appointments, we classify 113 as male and 52 as female; 134 as White and 31 as non-White. In this
context, “non-White” refers to individuals who likely self-identify with a race or ethnicity other than White,
including but not limited to Hispanic, Indian, and Black). These classifications apply to each firm’s first
CSO appointment. They are used solely for explanatory analysis and should not be interpreted as definitive
or exhaustive indicators of identity.

The results suggest that appointments of non-White CSOs are associated with greater
reductions in toxic releases compared to their White counterparts, while no significant
difference is observed between male and female CSOs. Although this analysis is exploratory
and should not be interpreted as causal, it highlights a potentially important direction for
future research on the intersection of leadership diversity and environmental outcomes.
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D.1 Food Establishment Inspection Report

SOUTHERN NEVADA HEALTH DISTRICT Page 1 of 2 
FOOD ESTABLISHMENT INSPECTION 

280 S DECATUR BLVD • LAS VEGAS, NV • 89107 • 702-759-1258 (PLAN REVIEW) • 702-759-1110 (FOOD OPS) • 702-759-1000 (24 HOURS) 

FACILITY INFORMATION 
PERMIT # ESTABLISHMENT NAME PHONE # EST. SQUARE FOOTAGE PRIMARY EHS 

   ADDRESS RISK CAT. P.E. CODE DISTRICT FIN. COMP. PERMIT STATUS 

NEVADA CLEAN INDOOR AIR ACT: □ COMPLIANCE REQUIRED □ EXEMPT BUSINESS OWNER: 
EHS SERVICE DATE       TIME IN TIME OUT DEMERITS FINAL GRADE TRAVEL MIN SEWER WATER 

 

SPECIAL NOTES: CFPM: SPECIAL PROCESS: 
In = In compliance OUT = Not in compliance COS = Corrected on-site during inspection N/O = Not observed N/A = Not applicable R = Repeat violation 

Imminent Health Hazards-Notify SNHD and Cease Operations as Directed OUT
A Interruption of electrical service □
B No potable water or hot water □
C Gross unsanitary occurrences or conditions including pest infestation □
D Sewage or liquid waste not disposed of in an approved manner □
E Lack of adequate refrigeration □
F Lack of adequate employee toilets and handwashing facilities □
G Suspected foodborne illness outbreak □
H Other condition or circumstance that may endanger public health □
SECTION 1 - The Priority Items listed below are assessed 5 demerits for each violation IN OUT COS  NO NA     R
1 Operating within the parameters of the health permit. Compliance with Time as a Public Health Control, waiver, 

specialized process, and Hazard Analysis Critical Control Point (HACCP) plan. 
□ □ □ □ □ □ 

2 Handwashing (as required, when required, proper glove use, no bare hand contact of ready to eat foods). Food 
handler health restrictions as required. 

□ □ □ □ □ □ 

3 Commercially manufactured food from approved source with required labels. Parasite destruction as required. 
Time temperature control for safety (TCS) food received at proper temperature. 

□ □ □ □ □ □ 

4 Hot and cold running water from approved source as required. □ □ □ □ □ □ 
5 No imminently dangerous cross connection; adequate backflow prevention. Wastewater and sewage properly 

disposed. 
□ □ □ □ □ □ 

6 Food wholesome; not spoiled, contaminated, or adulterated. □ □ □ □ □ □ 
7 TCS food cooked and reheated to proper temperatures. □ □ □ □ □ □ 
8 TCS food properly cooled. □ □ □ □ □ □ 
9 TCS food at proper temperatures. □ □ □ □ □ □ 
SECTION 2 - The Priority Foundation Items listed below are assessed 3 demerits for each violation IN OUT COS  NO NA     R
10 Equipment approved, properly designed, maintained, and operated. □ □ □ □ □ □ 
11 Food protected from potential cross-contamination. □ □ □ □ □ □ 
12 Chemicals properly identified, stored, and used. □ □ □ □ □ □ 
13 Food protected from potential contamination by employees and consumers. □ □ □ □ □ □ 
14 Food contact surfaces of equipment properly cleaned and sanitized. Sanitizer solution provided and maintained as 

required. 
□ □ □ □ □ □ 

15 Adequate handwashing sinks stocked and accessible. □ □ □ □ □ □ 
16 Effective pest control measures. Animals restricted as required. □ □ □ □ □ □ 
17 Grade card posted conspicuously. Consumer advisory as required. □ □ □ □ □ □ 
18 Thermometers provided and accurate. □ □ □ □ □ □ 
19 TCS food thawed and cooled using proper methods. Fruits and vegetables washed prior to preparation or service. □ □ □ □ □ □ 
20 Single-use/single-service items properly used. □ □ □ □ □ □ 
21 Person in charge present, demonstrates knowledge, and performs duties. Effective employee health policy. 

Mandated certification and food handler card as required. 
□ □ □ □ □ □ 

22 Proper backflow prevention devices in place and maintained. □ □ □ □ □ □ 
23 TCS food labeled and dated as required. Food sold for offsite consumption labeled properly. Records, logs, policies, 

and procedures maintained and available when required. □ □ □ □ □ □ 

C
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FOOD ESTABLISHMENT INSPECTION (Cat 10) 2023 Facility Name: Date: Page 2 of 2 

SECTION 3 - Core Items to Prevent Unsanitary Conditions IN OUT NA
24 Personal cleanliness maintained. Personal effects properly stored. □ □ □
25 Non-TCS food labeled and within shelf-life. Food stored off the floor. Proper retail storage of chemicals. □ □ □ 

26 Ware washing facilities maintained. Wiping cloths properly stored; test strips available. □ □ □ 

27 Signs and certifications as required. □ □ □

28 Small wares approved, properly designed, in good repair. □ □ □
29 Utensils, equipment, linens, single-service/single-use items properly handled, stored, and dispensed. □ □ □
30 Nonfood contact surfaces and equipment properly constructed, installed, maintained, and clean. □ □ □
31 Restrooms, custodial areas, and premises maintained. □ □ □

32 Physical facility in sound condition and maintained. □ □ □
TEMPERATURE OBSERVATIONS 

CT = Cooking temp. HH = Hot Holding temp. CH = Cold Holding temp. RH = ReHeat temp. TC = Time as Control temp. COOL = Cooling temp. 

Item Measurement Comment 

VIOLATIONS, OBSERVATIONS AND CORRECTIVE ACTIONS 
Item No Observations & Corrective Actions 

. Overall Inspection Comments: 

Food establishment regulations (2023) and educational materials available at www.SNHD.info/ferl 

Section 1 Demerits 
0 to 10 demerits = A (Identical consecutive priority violation shall be downgraded to next lower grade.) 
11 to 20 demerits or an identical repeat priority or priority foundation violation = B; Re-inspection after 15 business days, or sooner 
if requested. Inspection must result in 10 demerits or less, with no identical repeat priority or priority foundation violation. 
Failure on re-inspection will result in a “C” grade with associated fee and may result in additional administrative action. Section 2 Demerits 

Total Demerits 
21 to 40 demerits = C; Re-inspection after 15 business days, or sooner if requested. Inspection must result in 10 demerits or less, 
with no identical repeat priority or priority foundation violation. 

 Failure on re-inspection will result in a closure with associated fee and may result in additional administrative action. 

Initial Inspection Grade 41 or more demerits = Closure or Imminent Health Hazard requiring closure; All food activities must remain suspended until approved 
by Health Authority. Re-inspection upon operator request must result in 10 demerits or less, with no identical repeat priority or priority 
foundation violation. 
Failure on re-inspection will result in continued closed status with associated fee and may result in additional administrative 
action. 

   This grade resulted from a     repeat 
Priority or Priority Foundation 
violation. 

Reinspection Fee: Inspector name: 

Fee required to be paid within 10 
business days or prior to reinspection. 

Received by (signature) Received by (printed) EHS (signature) 

Your signature on this form: 1.) Does not constitute agreement with its contents. The permit holder or authorized representative may contact the Environmental Health Division to discuss this report. 
They may also appeal any notice or inspection findings if a written request for a hearing is filed within 15 business days. Until a decision is rendered by this department, the contents of this report 
shall remain in effect; and 2) Acknowledges that this inspection report will be distributed by either email, fax, or postal delivery (of your choosing) within 1 business day.                    Form 5104 20230501 

SAMPLE
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D.2 Overview of Feature Set

Table D.1: Description of Predictors for Machine Learning Model

Feature

Set

Predictor Description Source

Time-
Only

WSL The time (in weeks) since the last routine or
re-inspection for the restaurant.

SNHD

Inspection-
Record

Lagged
Violation

An indicator variable taking the value 1 if the
last routine inspection resulted in a Violation
and zero otherwise.

SNHD

Lagged Grade
“A”

An indicator variable taking the value 1 if the
last routine inspection resulted in an “A” grade
and zero otherwise.

SNHD

Lagged Grade
“B”

An indicator variable taking the value 1 if the
last routine inspection resulted in an “B” grade
and zero otherwise.

SNHD

Lagged Grade
“C”

An indicator variable taking the value 1 if the
last routine inspection resulted in an “C” grade
and zero otherwise.

SNHD

Lagged
Demerits

The demerits count from the last routine
inspection.

SNHD

Review-
Information

Count of
Reviews

The number of Yelp reviews posted since the
previous inspection.

Yelp

Star Rating The average star rating for reviews posted since
the last inspection.

Yelp

Bad Reviews The number of reviews with three or fewer stars
since the last inspection.

Yelp

Review Text A review text score based on Multinomial
Inverse Regression (see Section D.3 for details).

Yelp

Full-

Model

Yelp
Category†

Indicator variables taking the value 1 if
the restaurant is classified in the respective
category and zero otherwise.

Yelp

Notes. † These categories include: American (New), Asian Fusion, Barbeque, Bars, Breakfast & Brunch,
Burgers, Cafes, Chicken Wings, Chinese, Coffee & Tea, Delis, Deserts, Event Planning & Services, Fast
Food, Italian, Juice Bars & Smoothies, Mediterranean, Mexican, Nightlife, Pizza, Salad, Seafood, Specialty
Food, Sports Bars, Sushi Bars, Thai.
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D.3 Multinomial Inverse Regression for Review Text
Variable Construction

To construct our review text measure, we used multinomial inverse regression, which
was first suggested by Taddy (Taddy 2013b, 2015) and recently used by Campbell and
Shang (2022) to predict misconduct from text measures. Specifically, to capture consumer
sentiment about restaurant hygiene before an inspection, we start with all reviews that were
posted on Yelp after the last inspection and before the focal inspection. We then clean up
the review texts by removing all punctuation, stop words, and numbers using the Python
Natural Language Toolkit (Loper and Bird 2002). We also replace each word with its word
stem using the “Snowball Stemmer” which is an extension of the Porter stemming algorithm
(Porter 1980).

We then extract all words from the preprocessed review text in the period between 2012
and 2015 - our training period. This step results in an inspection-word matrix with 137,098
words corresponding to 11,341 routine inspections. The matrix includes the number of
times a given word appeared in reviews before the inspection for each of the 1,554,828,418
possible inspection-word combinations. Only 4,691,471 of these have non-zero values. We
then reduce the sparseness (i.e. the proportion of entries with 0s to entries with other values)
of our data to 99% by discarding the words that appear in the fewest reviews. The reason
for this step is that these words are unlikely to be useful in predicting future inspection
outcomes (Campbell and Shang 2022). This step leaves us with 44,582 words. We could use
the count of these words as predictor variables in a forward regression to predict inspection
outcomes. However, this would be computationally extensive, and it is advisable to collapse
the number of variables (Taddy 2013b).

We follow Campbell and Shang (2022) and reduce the number of dimensions of the
review words to one using multinomial inverse regression (Taddy 2013b, 2015). Our data
consists of the 11, 341 × 44, 582 inspection-word matrix C, where each element ci,d is the
word count for word d and inspection i. The total word count for inspection i sums to
mi =

∑44,582
d=1 cid which we capture for all inspections in the vector m⃗. Furthermore, we

have the inspection outcome vi and a vector of controls x⃗i.
Then, we can estimate a separate Poisson regression for every word d:

E[ci | xi, vi] = eαd+βxi+φvi+ϵi

Each of the 44,582 separate Poisson regressions has a negative log likelihood that is
proportional to (Taddy 2015):

l(α, β, φ) =

11,341∑
i=1

[
mie

α+βxi+φvi − ci(α+ βxi + φvi)
]

(D.1)

We estimate (D.1) using a L1 regularization (Lasso) (Tibshirani 1996) minimization
approach to avoid overfitting and consequently improve the predictive ability. We minimize
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the following specification using the “distrom” package in R (Taddy 2015):

α̂, β̂, φ̂ = arg min
α,β,φ

= {l(α, β, φ) + nλ [β + φ]} , (D.2)

where l(α, β, φ) is as defined in (D.1) and λ ≥ 0.
Afterwards, we extract φ for every word d and compute one reduced score zi per

inspection i as out review text measure (Campbell and Shang 2022).

zi =
∑
d

φd
cid
mi

Clearly, if φ is positive for a word—meaning that this word appears more often before a
negative inspection outcome—then it increases zi. Similarly, if φ is negative—meaning that
this word appears less frequent before a negative inspection outcome—then it decreases zi.
Thus, zi is a sufficient reduction of the underlying review text information (Taddy 2013a).
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D.4 Comparison of Different Machine Learning Algorithms

Table D.2: Comparing the Predictive Performance of Machine Learning Models

GBRTa Random Forestb Neural Networkc Support Vector Machined

(1) (2) (3) (4)

Brier† 0.180 0.188 0.231 0.209
(0.012) (0.010) (0.005) (0.009)

LogLoss† 0.539 0.560 0.653 0.609
(0.029) (0.026) (0.011) (0.022)

Accuracy 0.736 0.721 0.600 0.688
(0.023) (0.019) (0.011) (0.018)

Precision 0.396 0.385 0.315 0.349
(0.014) (0.020) (0.024) (0.021)

Notes. †: Lower values indicate better performance. Standard errors computed based on 25 rolling time
samples in parentheses.
a: Gradient Boosted Regression Tree (GBRT). Implemented in R using the caret library and function
xgbTree from the xgboost library. Based on hyperparameter tuning using 3-times, 5-fold cross validation
we use the follwing hyperparameters: nrounds = 1000, max depth = 6, eta = 0.001, gamma = 0,
colsample bytree = 0.6, min child weight = 1 and subsample = 1.
b: Implemented in R using the caret library and function ranger from the e1071 and ranger libraries. Based
on hyperparameter tuning using 3-times, 5-fold cross validation we use the follwing hyperparameters: mtry
= 2, splitrule = gini and min.node.size = 1.
c: Implemented in R using the caret library and function ranger from the e1071 and ranger libraries. Based
on hyperparameter tuning using 3-times, 5-fold cross validation we use the follwing hyperparameters: size
= 5 and decay = 1.
d: Implemented in R using the caret library and function svmRadial from the kernlab library. Based on
hyperparameter tuning using 3-times, 5-fold cross validation we use the follwing hyperparameters: sigma
= 0.01364814 and C = 4.
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D.5 Variable Importance

Figure D.1: Variable Importance
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Notes. The figure shows the scaled mean variable importance metrics for the full model across all 25
resamples.



215

D.6 Transition Matrix Construction

This appendix describes how the regulator’s transition probabilities Ti(s, aj , ai, s
′) are

derived, as shown in Table 5.3. Each transition probability reflects how the state of
the system evolves from s to s′ given a joint action (aj , ai) by the establishment and the
regulator. The values are calculated using fixed probabilistic rules determined by the current
state, the nature of the actions taken, and a set of underlying parameters. These rules can
be applied manually to determine each entry in the transition matrix.

Transition Parameters. The transitions depend on the following:

• A probability matrix T Idle describing transitions when the establishment makes no
effort to improve (e.g., chooses action Wait or Self-Inspect).

• A probability matrix TEffort describing transitions when the establishment exerts
effort.

• A treatment matrix Q that governs how the system exits the inspected states,
returning to uninspected ones over time.

• A detection probability µ, which indicates the chance that a violation is detected and
corrected if the establishment self-inspects.

Construction of Transitions For each state-action combination (s, aj , ai), the transition
probabilities to each possible next state s′ are determined as follows:

1. No Inspection (aji,t = Wait):

• If the current state is Compliance or Violation, then the system evolves
according to T Idle or TEffort, depending on whether the establishment chooses
Wait/Self-Inspect or Effort.

• For example, starting in Compliance and with the establishment choosing
Effort, the probability of remaining in Compliance is given by the corresponding
row of TEffort.

• If the current state is inspected (either Inspected Compliance or
Inspected Violation), the system transitions using the treatment matrix
Q combined with the appropriate transition matrix (T Idle or TEffort) to
determine the resulting uninspected state.

2. Inspection (aji,t = Inspect):

• If the current state is Compliance or Violation, inspection transitions the
system into an inspected version of a state. The probability of entering
Inspected Compliance or Inspected Violation depends on the base transition
matrix (again, T Idle or TEffort), weighted by the detection probability.
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• For example, starting in Violation, and assuming no self-inspection by the
establishment, the probability of transitioning to Inspected Violation comes
directly from T Idle.

Computing T Idle and TEffort To compute T Idle and TEffort, we first estimated a
progression matrix T based on Las Vegas inspection data from 2012 to 2015—the same
data that we used to construct our review text measure. If we had a common and constant
inspection interval that equaled our cycle length of one-week then we could simply estimate
the (s,s′)th element of T as the ratio of restaurants that move from state s to state s′ to
the total number of restaurants that move out of state s. Similarly, if we had a common
and constant inspection interval longer than our cycle length of one week, then we could
estimate a multi-week progression matrix in the same way and derive the one-week transition
probabilities from that matrix. (Craig and Sendi 2002) However, inspections in our data
are not conducted at constant intervals but vary both within and between restaurant
observations. We overcame this challenge by estimating the one-week progression matrix
T based on maximum likelihood estimation given the observed states at each inspection
and the time since the last inspection using the R package “msm” (Jackson 2011). We
then altered the transition probabilities by slightly increasing the likelihood of staying in
state compliance for TEffort and by slightly decreasing the likelihood of staying in state
compliance for T Idle. The resulting matrices are as follows:

Table D.3: Transition Probability Matrices

T Idle TEffort Q†
0.965 0.035 0.000 0.000

0.000 1.000 0.000 0.000

0.000 0.000 0.000 0.000

0.000 0.000 0.000 0.000




0.975 0.025 0.000 0.000

0.000 1.000 0.000 0.000

0.000 0.000 0.000 0.000

0.000 0.000 0.000 0.000




0.000 0.000 0.000 0.000

0.000 0.000 0.000 0.000

0.000 0.000 1.000 0.000

0.000 0.000 0.990 0.010


Notes. † To compute Q, we looked at the re-inspection following “B” or “C” grades during routine

inspections. The SNHD conducts these within two weeks following the violation and they indicate how
likely establishments are to return to a compliance state following a detected violation.
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D.7 Simulation Results
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