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Abstract 

Fundamental to health care supply chain management is the need to acknowledge that not 

everyone enjoys the same opportunities to access quality health care.  Chronic conditions, 

which require ongoing access to primary care, are a leading cause of disparities in health.  

Ironically, even with major causes of chronic diseases well known and understood, 

vulnerability and impact are particularly associated with inadequate access to health care 

and treatment.  This „gap‟ between the supply of and demand for quality health care 

demands major progress in preventing or delaying illness and death by crafting 

inexpensive and cost-effective interventions that take advantage of the scientific 

knowledge available. 

As an integral part of the health care supply chain, primary care not only helps 

prevent illness and death, but also serves as a point of first contact to reduce the difficulty 

in accessing needed health services.  It is in the context of primary care where a large 

majority of health care needs and the management of health related problems can be 

addressed before they become acute enough to require hospitalization or emergency 

services.  Yet, variation in primary care delivery associated with race, socioeconomic 

status, and other factors not attributable to clinical manifestations are prevalent which 

leads to inefficiencies and additional costs across the health care supply chain and further 

contributes to longstanding disparities in health status and outcomes.  

With the population of the United States continuing to grow and become increasingly 

diverse, both governmental and professional entities have taken special interest in 
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identifying interventions that can help eliminate disparities in care.  Health information 

technology has been regarded as a critical component in reducing disparities in care 

delivery by improving the awareness of both care-givers and patients through timely 

availability of information for the management of chronic disease conditions.  The extant 

literature that addresses disparities due to socioeconomic class argues that care for 

socioeconomically disadvantaged patients is under-resourced and often lower in quality.  

Therefore, the unique characteristics of under-resourced settings due to both the patient 

population they serve as well as the communities where they operate should be 

considered when assessing the impact of health information technology on care delivery.    

The objective of the dissertation is to develop a framework that can begin to inform 

both academe and practice on how technology-enabled interventions in the supply chain 

for primary care can address the „gap‟ between the supply and demand of high quality 

and cost effective health care for chronic diseases.  Using clinic level data of 400+ clinics 

from the Midwest, we develop and empirically test an actionable framework that 

considers various primary care and environmental characteristics that can enable the 

delivery of high quality care for chronic diseases, especially in regions with 

heterogeneous patient populations.  The disease contexts for the dissertation, diabetes and 

depression, are disease conditions which afflict lower socioeconomic status and 

underserved patient populations and impose significant financial burden on a health care 

system.  
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In the dissertation we describe the health care supply chain for chronic care and 

highlight issues of health disparities due to socioeconomic stratification.  We then 

empirically examine the relationship between IT leveraging competence and disparities in 

high quality diabetes care due to differences in community and individual enabling 

resources in primary care settings.  In particular, we highlight the promise and difficulties 

that information technology has on improving the quality of health care in primary care 

settings while at the same time addressing disparities in the delivery of care.  Our results 

suggest that leveraging higher order IT capabilities may potentially increase disparities 

due to differences in resources that enable access to quality health care.  Building on 

these results, we empirically examine the relationship between IT leveraging competence 

and affordable access to high quality care.  We find that making care more affordable 

through the leveraging of IT can serve as an effective mechanism for reducing disparities 

by increasing access to high quality care for those who are more socioeconomically 

disadvantaged.   

Shifting our attention to behavioral health, we empirically evaluate behavioral health 

care for patients receiving treatment for depression through the supply chain for primary 

care.  We place the health care supply chain in the broader community environment and 

center our attention on the impact of IT-enabled, evidence-based, and affordable primary 

care as mechanisms that can enable the integration of behavioral and physical care to 

improve behavioral health.  Consistent with these arguments we find that improvements 

in short and long term depression outcomes are associated with primary care settings that 

leverage IT in conjunction with evidence-based practices.  Further, we find that the effect 
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of affordability becomes more prominent for the more socioeconomically disadvantaged 

communities.  In addition, both physical and social characteristics of the community 

environment are associated with improvements in short and long term depression 

outcomes.        

By drawing from the established knowledge base in medical sociology, 

epidemiology, health policy, and health care management, the major contributions of this 

dissertation lie at the intersection of operations and supply chain management, quality 

management, and management of information systems by advancing the theory and 

practice of health care supply chain design for delivering high quality care for chronic 

diseases to a heterogeneous patient population.  In particular, we highlight the significant 

challenges and complex problems in considering technology-enabled interventions in the 

supply chain for primary care in order to improve the quality of health care while at the 

same time addressing disparities in the delivery of care.      
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Chapter 1 :  Introduction 
 

“The era of accountability affords the opportunity to identify, champion, 

and learn from clinicians and institutions that perform well, including 

those that do so against the odds”.  

 

~ Bluestein (2008) 

 

1.1  Problem Statement 

Fundamental to health care supply chain management is the need to acknowledge that not 

everyone enjoys the same opportunities to access quality health care.  Chronic conditions, 

which require ongoing access to primary care, are a leading cause of disparities in health.  

Globally, disparities are particularly associated with poverty, the lower socioeconomic 

status (SES) and children due to limited choices and access to a healthy lifestyle.  The 

World Health Organization (2005) estimates that over 35 million deaths in 2005 can be 

attributed to chronic diseases including cardiovascular diseases, cancer, chronic 

respiratory diseases, and diabetes.  Many of these deaths push people and their families 

into poverty or deepen their poverty level further placing an economic burden on their 

communities and society. 

Ironically, even with major causes of these chronic diseases well known and 

understood, for the higher income countries such as the United States vulnerability and 

impact are particularly associated with inadequate access to quality health care and 

treatment.  “Despite decades of impressive scientific and clinical innovations, substantial 
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deficits persist in the quality of health care” (Trivedi et al. 2005, p.693).  Therefore, this 

„gap‟ between the supply of and demand for quality care in the health care supply chain 

can be observed in both developing as well as developed countries.  Such a „gap‟ not only 

affects populations at risk, but also health care systems and society in general.  In a recent 

study conducted by the Joint Center for Political and Economic Studies, LaVeist et al. 

(2009) estimated that the financial burden of additional direct expenses due to racial 

disparities associated with the provision of care on the U.S. health care system was in the 

neighborhood of $230 billion over the three year period between 2003-2006.  Therefore, 

ways of addressing accessibility to high quality and cost effective health care is not only 

socially but also economically just. 

Taking a macro supply chain centric view of the health care sector which is 

concerned with the interdependencies of key constituents in linking the development of 

care with the delivery of care, the dissertation focuses on the downstream elements of the 

health care supply chain, namely health care delivery, where patients interact with 

various elements of the health care supply chain in order to be diagnosed and treated for 

their respective disease conditions (Sinha and Kohnke 2009).  Health care “has become 

such a complex and technically sophisticated enterprise that providing the best possible 

care often requires the involvement of many parties” which often operate as silos 

working towards self-interest goals (Blumenthal 1996, p.892).     

With the population of the United States continuing to grow and becoming 

increasingly diverse, both governmental (i.e., National Institutes of Health‟s National 
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Center on Minority Health and Health Disparities) and professional (i.e., American 

Hospital Association‟s Special Advisory Group on Improving Hospital Care for 

Minorities) entities have taken special interest in identifying interventions that can help 

eliminate disparities in care.  Addressing these disparities in quality health care demands 

major progress in preventing or delaying illness and death by crafting inexpensive and 

cost-effective interventions that take advantage of the scientific knowledge available.  

Ultimately, more proactive technology-enabled interventions are sought that can address 

the variation in care delivery not only between organizations, health care plans and 

regions, but also between health care units and health care providers (Sequist et al. 2008; 

Trivedi et al. 2005).  

With the growing complexity of the U.S. health care system along with the pressures 

to improve its ability to translate knowledge into practice and apply new technologies, the 

Institute of Medicine (2001) has proposed a framework for the fostering of innovation 

and the improvement of the delivery of care.  In its recommendations, the use of 

information technology and evidence-based decision making play a central role.  In 

support of these efforts, the American Recovery and Reinvestment Act (ARRA) of 2009 

allocated $19 billion into a portion of the bill called the Health Information Technology 

for Economic and Clinical Health Act (HITECH) in order to advance the use of health 

information technology (Health IT).  Consistent with this momentum, health care 

professionals are beginning  to acknowledge the potential benefits that information 

technology can provide by “substantially improve[ing] the safety of medical care by 
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structuring actions, catching errors, and bringing evidence-based patient-centered 

decision support to the point of care” (Bates and Gawande 2003, p.2533).   

The extant literature that addresses disparities due to socioeconomic class argues that 

care for socioeconomically disadvantaged patients is under-resourced and often lower in 

quality (Fiscella and Epstein 2008).  Andersen et al. (2002) have suggested that “access 

to medical care depends on who people are and where they live” (p.384).  The contextual 

community effect is suggested to add collective socioeconomic disadvantages that result 

from a lack of resources or opportunities at the community level.  As a result, health care 

may be more important to those who are socioeconomically disadvantaged because of 

disparities in access to quality health care (Auerbach and Krimgold 2001).  Therefore, the 

unique characteristics of under-resourced settings due to both the patient population they 

serve as well as the communities where they operate in should be considered when 

assessing the impact of health information technology on care delivery.  Yet, the 

relationship between health information technology interventions and quality of care 

outcomes in under-resourced settings (where those that are uninsured, of lower income, 

and socially disadvantaged typically access care) has received little attention (Millery and 

Kukafka 2010).   

As a quality improvement initiative, health information technology has been regarded 

as a critical component in reducing disparities in care delivery by improving the 

awareness of both care-givers and patients through timely availability of information for 

the management of chronic disease conditions.  Although information technology value 
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can be analyzed at both the intermediate process level and the organization-wide level 

(Melville et al. 2004), we consider the impact of information technology on the 

intermediate process level of care delivery where organizations that are partners in a 

health care supply chain employ their resources and capabilities in order to accomplish 

their objectives (Ray et al. 2004, Ray et al. 2005).   We focus on the leveraging of intra- 

as well as inter-organizational IT competences that are expected to enhance the care 

delivery process across different settings in the health care supply chain.       

1.2  Study Objectives 

The objective of this dissertation is to develop a framework that can begin to inform both 

academe and practice on how technology-enabled interventions in the supply chain for 

primary care can address the „gap‟ between the supply and demand of high quality and 

cost effective health care for chronic diseases.  In order to address this broad objective, 

we examine key issues that shape the health care supply chain for the uninsured and 

underserved in the U.S. and examine in-depth the features and challenges of health care 

disparities by identifying (i) broad social differentials that give rise to health care 

disparities and (ii) characteristics of primary care that work in parallel with technology-

enabled interventions to attenuate or eliminate health care disparities.  We draw from 

literature and theory from various fields and disciplines including operations and supply 

chain management, quality management, management of information systems, 

marketing, and organizations, in conjunction with the extant science based from medical 
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sociology, epidemiology, health policy, and health care management to provide a cross-

disciplinary perspective to these issues.   

Using clinic level data of 400+ clinics from the Midwest, we develop and empirically 

test an actionable framework that considers various primary care and environmental 

characteristics that can enable the delivery of high quality care for chronic diseases, 

especially in regions with a heterogeneous patient population.  The dissertation focuses 

on electronic health records (EHRs) which are widely adopted health information 

technologies with the promise of not only improving the delivery of care, but also 

reducing the disparities in care delivery.  In order to address disparities, we consider the 

context of under-resourced settings in the health care supply chain which specifically 

provide care to the population that is most vulnerable to experiencing disparities in care 

delivery in the U.S., namely the low-income and uninsured.   

Due to the prevalence of diagnosing and treating both physical and behavioral 

ailments in primary care settings, we center our attention on diabetes and depression, 

which are chronic disease conditions that afflict the lower socioeconomic status and 

underserved population imposing a significant financial burden on a health care system.  

Although proven treatments exist for these disease conditions, there is still a growing 

„gap‟ in the supply and demand for high quality and cost effective care leaving many 

individuals untreated, inadequately treated, or unequally treated.  Therefore, opportunities 

are present to make major progress in preventing or delaying illness and death by crafting 
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inexpensive and cost-effective interventions that take advantage of the scientific 

knowledge available for treating these chronic diseases.     

1.3  Dissertation Organization 

The dissertation illustrates the significant challenges and complex problems in 

considering technology-enabled interventions the supply chain for primary care that are 

expected to improve process level effectiveness in the context of chronic disease care for 

a heterogeneous patient population.  The research question guiding this inquiry is: 

RESEARCH QUESTION:  What is the role of technology-enabled 

interventions in the supply chain for primary care in improving the 

delivery of high-quality, cost-effective, and timely health care in order to 

also reduce disparities in the delivery of care for chronic diseases? 

In addressing the question, the dissertation is organized as follows (see Figure 1-1).   

Figure 1-1: Organization of dissertation. 
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The second chapter describes the primary care supply chain for chronic diseases and 

highlights issues of health care disparities due to socioeconomic stratification.  We begin 

with a discussion on chronic diseases, their prevalence, and impact.  We then provide an 

overview of issues related to disparities in access to and utilization of health care services 

for the uninsured and underserved.  To further inform our inquiry regarding the 

complexities of managing chronic disease conditions, we highlight key elements of three 

well known chronic care models.  We then move to discuss the anticipated benefits of 

information technology for improving the U.S. health care sector as well as discuss some 

of the barriers to its effectiveness.  Consistent with our emphasis on the reduction of 

disparities, we also emphasize under-resourced clinical settings and potential 

opportunities for their improvement.  The chapter concludes with our conceptualization 

of the primary care supply chain for chronic diseases. 

The third chapter empirically examines the relationship between IT leveraging 

competence and disparities in high quality care due to differences in community and 

individual enabling resources in primary care settings.  In particular, the chapter 

highlights the promise and difficulties that technology has on improving the quality of 

health care in different primary care settings while at the same time addressing disparities 

in the delivery of care.  We find that clinics that operate in lower socioeconomic areas 

and provide care to a greater proportion of patients who are uninsured or with 

government assistance insurance are associated with lower quality care.  We also find 

that higher levels of IT leveraging competence are associated with high quality care.  
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Contrary to expectations, we find that the effects of higher order IT capabilities, namely 

IT functionality utilization and IT inter-organizational information exchange, on the 

delivery of high quality care do not increase, but potentially decrease with lower levels of 

enabling resources suggesting that higher order IT capabilities are complementary rather 

than substitutive for certain resources.  As such, policy decisions that promote the 

diffusion of higher order IT capabilities may result in an increase in disparities due to 

differences in resources that enable access to high quality health care.     

Chapter 4 builds on the previous chapter by empirically examining the relationship 

between IT leveraging competence and affordable access to high quality care.  In 

addressing the health needs of an increasingly diverse patient population, a central focus 

is on providing greater access to quality health care by making it more affordable.  

Consistent with this argument, we find that the delivery of high quality care increases as 

primary care is made more affordable.  Further, we find that the effect of making care 

more affordable on the delivery of high quality care further increases with reductions in 

enabling resources.  Therefore, making care more affordable serves as an effective 

mechanism for reducing disparities in care due to differences in resources that enable 

access to quality care.  When considering the relationship between affordability and IT 

leveraging competence, we find that investments in IT capabilities are potentially 

associated with tradeoffs between cost and quality of care.                
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The focus of the fifth chapter is on empirically evaluating behavioral health care for 

patients receiving treatment for depression through the supply chain for primary care.  

Building on the previous chapters, we place the health care supply chain in the broader 

community environment and center our attention on the impact of IT-enabled, evidence-

based, and affordable primary care as mechanisms that can enable the integration 

between behavioral and physical care to improve behavioral health.  Consistent with 

these arguments we find that improvements in short and long term depression outcomes 

are associated with primary care settings that leverage IT in conjunction with evidence-

based practices.  With respect to community environmental characteristics, we find that 

behavioral health resources and socioeconomic status are associated with improvement in 

short term depression outcomes and that improving affordability reduces the impact of 

socioeconomic status for the more disadvantaged communities.  Further, we find that 

social support and the built environment are associated with improvements in long term 

depression outcomes.    

Chapter 6 concludes the dissertation and presents an overview of the results presented 

in the previous chapters, including contributions to academic literature, implications for 

practitioners, and future research directions.  In particular, we summarize the findings 

related to the complexities of quality improvement interventions in the health care supply 

chain for primary care as well as the role of such interventions in reducing disparities in 

health care.   
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Chapter 2 :  Primary Care Supply Chain for Chronic Diseases 
 

“Any program for resolving our runaway health-care costs that does not 

have a credible plan for changing the way we care for the chronically ill 

can’t make more than a small dent in the total problem”.  

 

~ Christensen et al. (2009) 

 

2.1  Impact of Chronic Diseases 

Thanks to scientific and technological progress many of the disease conditions that were 

formerly acute and leading causes of death have over time have become treatable and 

manageable.  With more and more people continuing to survive acute episodes, chronic 

disease conditions are becoming more prevalent.  Chronic disease conditions differ from 

those that are acute primarily in their duration where those that are chronic require 

ongoing and systematic intervention in order to properly manage and limit their negative 

impact on daily life.  In addition to physical medical conditions such as cardiovascular 

diseases, cancer, chronic respiratory diseases, and diabetes, behavioral health conditions 

such as addiction disorders, mental illnesses, and cognitive impairment disorders can also 

become chronic.           

The vulnerability and impact of chronic diseases on human suffering is worldwide 

and as such initiatives are being developed towards a comprehensive approach to better 

manage these disease conditions.  According to the World Health Organization (2005) 

although an estimated 35% of deaths due to chronic disease conditions occur in low 
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income countries, 20% of deaths still occur in high income countries.  A report by the 

Robert Wood Johnson Foundation (2010) estimates that nearly half of all Americans live 

with a chronic disease condition and an estimated 85% of the nation‟s health care 

expenditures are on people with these conditions.  As these figures continue to escalate so 

does the utilization of health care services from preventable care such as office visits and 

prescription drugs to acute care management and hospitalization.   

Many of these disease conditions have over time moved from the intuitive realm to 

the more rules-based which allows for interventions that can lead to improved disease 

management (Christensen et al. 2009).  As such, in an effort to improve health care 

outcomes and promote best practices in the delivery of care for chronic diseases, 

evidence-based medicine is receiving significant attention as it introduces a scientific 

method to medical decision making allowing for the development of key quality metrics.  

Such an approach is expected to render the profession of medicine more scientific in 

order to address ongoing variation in the delivery of care and escalating health care costs 

(Timmermans and Kolker 2004).   

In accordance with this momentum, expert panels are commissioned to develop 

clinical practice guidelines to assist health care providers and patients in their decisions 

about the appropriate health care for specific disease conditions.  In a grander scheme, 

these clinical practice guidelines are a way to systematically describe and communicate 

such knowledge in an effort to make it generically and publicly available (Nelson 1959).  
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Such a process offers step-by-step instructions on the details of medical care that can 

ultimately reduce the uncertainty and variability in the delivery of care (Timmermans and 

Angell 2001).  On the other hand, providers that take more of a particularistic approach 

(i.e., pathophysiology) rather than a universalistic approach (i.e., epidemiology) to health 

care are concerned that “the next generation of doctors [is] being conditioned to function 

like a well-programmed computer that operates within a strict binary framework” and at 

times could be constraining “when symptoms are vague, or multiple and confusing, or 

when test results are inexact” (Groopman 2008, p.5-7). 

While many of these disease conditions cannot be cured, there is an increased effort 

in providing ways to better control and manage their impact through improved access to 

medical care, proper medication, risk avoidance, and self-management.  When well 

controlled, only occasional reoccurrence of symptoms and rare acute episodes should be 

present.  When uncontrolled, chronic disease conditions can place severe limits on the 

quality of daily life of individuals and can sometimes be fatal.  Ultimately, it is the lack 

of control of these disease conditions that translates to increasing costs associated with 

chronic disease care due to acute treatment in emergency department settings being 

substantially more costly and non-medical economic costs due to loss of income and 

productivity also being substantial.   

Those in the lower socioeconomic strata are particularly vulnerable due to greater 

exposure to risk factors as well as decreased access to health services.  In the United 



 

   

14 

 

States, decreased access is primarily attributed to financial barriers including the lack of 

private or employer-sponsored insurance and out-of-pocket spending ability to manage 

the expenses associated with accessing needed health care services.  As wealth inequality 

continues to widen, health care costs continue to increase, and federal and state budgets 

that subsidize access to health services are further eroded, the vulnerability due to the 

lack of financial means can be expected to worsen.  Therefore, this „gap‟ between the 

supply of and demand for health care provides opportunities to make major progress in 

preventing or delaying illness and death by crafting inexpensive and cost-effective 

interventions that take advantage of the scientific knowledge available.     

2.2  Disparities in Health Care 

Few issues are more central to health care than improving the quality of care, in 

particular, improving the crucial link between how care is delivered and its effects on 

health (Chassin and Galvin 1998).  Although disparities in health result from both 

biological and social differences, we focus on the latter because they are argued to be 

more avoidable (Adler and Rehkpf 2008).  In particular, although suggested as only one 

of the pathways, we focus on access to and the delivery of quality health care due to the 

assumption that the influence of socioeconomic status on health largely operates through 

health care where those in the lower hierarchy benefit less from health care due to 

differences in the care being delivered (Adler 2001).  Ultimately, neither a reduction in 

financial constraints nor improvements in health awareness, without accompanying 

improvements in the delivery of health care, will eliminate disparities in the access to 
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quality health care (Dutton 1978).  Our focus is therefore in line with the chain of events 

in health disparities where health care disparities (i.e., differential health care quality) can 

give rise to health status disparities (i.e., differential health outcomes) (Carter-Pokras and 

Baquet 2002).   

Due to the complexity in conceptualizing access (i.e., potential, realized, equitable, 

effective, efficient), we focus on “potential” and “realized” access which can be linked to 

improvements in health due to the quality of health care that is being delivered (Andersen 

1995).  The “potential” access to health care is influenced by the health care system‟s 

structural characteristics (i.e., availability of health care resources) as well as by the 

individual‟s propensity, means available and health care needs (i.e., age, income, and 

perceived health) which can be considered as predictors of “realized” access (Andersen et 

al. 1983).  By evaluating interventions aimed at improving the overall quality in the 

delivery of care, we may also find that they are associated with reducing disparities in the 

quality of care.  “This so because disparities in care due to [socioeconomic status] are, in 

some ways, just another manifestation of the broad problems in quality of care that exist 

throughout our health care system” (Epstein 2004, p.604).  Therefore, further research is 

needed to evaluate the extent to which quality improvement interventions and differences 

in clinical settings affect care delivery in order to assist in more effectively developing 

and targeting such interventions.    
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Prior research has shown that care for patients with lower socioeconomic status is 

concentrated among a small number of providers (Jha et al. 2009).  Beyond the financial 

burden of medications which often require sustained therapy in addition to intermittent 

testing, caring for socioeconomically disadvantaged patients poses greater challenges in 

terms of time, team work, and resources (Fiscella and Epstein 2008; Trivedi et al. 2005).  

As a result, individuals are vulnerable to health care quality problems for one or more 

underlying reasons including financial circumstances and place of residence (Chang et al. 

2004).  Such health care quality problems are observable in both the „health care delivery 

process‟ as well as in „health outcomes‟ measures (Greenfield et al. 2005).  Ultimately, 

quality improvement interventions in the delivery process are anticipated to improve 

health outcomes and overall health care quality. 

Even with the variety of health care innovations geared at improving the overall 

health of the population, there continues to be striking disparities in the burden of illness 

and death.  Two overarching themes are evident: (i) there is a significant „gap‟ between 

best possible care and what is routinely delivered and (ii) this „gap‟ is larger for members 

of minority, low income, lower education, or disabled groups.  As an approach to closing 

the „gap‟ between high quality care and that what is routinely delivered, there is intense 

health care policy interest in identifying subgroups at highest risk of receiving lower 

quality health care due to inappropriate variation in the delivery of care (Clancy 2008).   
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Although racial, ethnic, age, and geographic health care disparities exist, much of the 

disparities can be attributed to socioeconomic indicators.  Those who are most vulnerable 

tend to be low-income, unemployed or in lower-wage jobs, and of lower education level 

(Adler et al. 1994; Adler and Ostrove 1999; Sequist et al. 2008).  While, globally, 

disparities in health are particularly associated with limited choices and access to a 

healthy lifestyle, for the higher income countries, vulnerability and impact due to chronic 

disease conditions are attributed to inadequate access to quality health care and treatment 

(WHO 2005).  Therefore, “we need to be aware of the growing prevalence of people with 

chronic conditions and the problems they face as they interact with a health care system 

that is currently not well designed to meet their needs” (Robert Wood Johnson 

Foundation 2010, p.8).     

In the U.S. health care sector, separate does not necessarily mean equal (Epstein 

2004).  Some of the socioeconomic separation in health care is driven by residential 

patterns and geographic differences (Blustein 2008; Andersen et al. 2002).  Health care 

delivery occurs within the community, the health care system, and the individual provider 

organization (Bodenheimer et al. 2002).  According to the U.S. Department of Health and 

Human Services (HHS) (2010b) community-based services often play a critical role in 

enabling individuals to attain healthier lives through community-based policies, 

programs, and organizations.  As such, the community-delivery system linkage provides 

salient benefits that would otherwise not be available within individual organizations.  

Therefore, beyond organizational resources, socioeconomically depressed and medically 
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underserved areas will have limited resources to provide such community-based benefits 

that can translate to improved population health outcomes. 

There are a variety of models and frameworks that have been developed to address 

the difficulties of providing care for the chronically-ill (see Singh and Ham 2006).  We 

discuss key elements of three well known models to highlight the interdependence 

between the community, the health care system, the health care provider, and ultimately 

the patient.  According to the seminal Chronic Care Model (CCM) put forth by Wagner 

(1998), chronic disease care improvements require both organizational as well as 

community resources that can enable the productive interaction between patients and 

providers.  Further, effective chronic disease management requires that an appropriately 

organized delivery system be linked with complementary community resources (Wagner 

et al. 2001).  Looking internally into the health care organization, the model highlights 

the critical role that clinical information systems play in providing timely and useful data 

on patients as well as access to clinical expertise and experience as decision support in 

order to be more proactive in the delivery of chronic care.     

Consistent with this argument, the UK‟s Department of Health developed the NHS 

and Social Care Model to support local NHS and social care organizations in the 

provision of services for those who are chronically-ill.  Rooted in primary care settings 

the model moves away from reactive care towards a more systematic approach with 

improved communication and partnerships across the health and social spectrum (DH 
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2005).  Although the model focuses primarily on the delivery system design, a key tenant 

in the success of a delivery system design is the supporting infrastructure that is 

conceptualized as community resources, decision support tools and clinical information 

systems, as well as the health and social care system environment.  Community resources 

(i.e., patient groups) and health and social care staff (i.e., nurses and case managers) are 

suggested to enhance the support available to individuals and those who provide care.    

Further, by incorporating evidence-base practices and guidelines into delivery system 

design can lead to the development of standards for optimal care.  Lastly, the use of 

electronic data can facilitate the efficient and effective management of care through more 

proactive use of clinical information systems.     

Although derived from the Chronic Care Model, the Innovative Care for Chronic 

Conditions (ICCC) Framework developed by the WHO focuses more on community and 

policy aspects in the provision of chronic care.  The model focuses on the improvement 

of care by looking at three levels: micro (patients and families), meso (health care 

organization and community), and macro (the policy environment) (Epping-Jordan et al. 

2004).  The ICCC extends the CCM by incorporating a triad that consists of a partnership 

between patients and families, health care teams, and community partners.  The 

community component is strongly emphasized due to its ability to support health 

organizations by echoing prevention and management messages, as well as providing 

services that complement and support the care provided in health care organizations.  
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Therefore, consistent with the previous models, better outcomes for chronic conditions 

will result with increased support by the broader community.  

2.3  Information Technology in Health Care 

Consistent with the highlighted care delivery models as well as the well-accepted view of 

technology as one that serves as an enabler of supply chain transformation and an 

important component of supply chain innovation, there is an unprecedented momentum 

for information technology to lead the transformation effort in the U.S. health care sector.  

In particular, is the emphasis on health information technology (health IT) which can 

enable the collection and exchange of vast amounts of patient health data in order to 

enhance the ability to improve quality, increase efficiency, and ultimately drive down 

costs in health care delivery (see ONC 2011a).  Health care organizations traditionally 

enjoy high levels of knowledge intensity and a highly professionalized workforce which 

results in the reliance on the intellectually skilled workforce that applies their particular 

expertise or knowledge base when performing their functional tasks (von Nordenflycth 

2010).  As such, it is not surprising that we see a growing interest in information 

technology investments in health care where there is high variability in performance 

when employing alternative approaches and little general knowledge regarding which is 

the best approach (Lee and Van de Steen 2010).  The transformation story of the health 

care sector serves as an example of how investments in new technologies and other forms 

of innovations has gained significant momentum as organizations look for ways to 

improve or even maintain their level of competitiveness.  “The rapid rate of technology 
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innovation possesses both new opportunities as well as new challenges for firms as they 

strive to lead, follow, or merely survive” (Gaimon 2008, p.vii). 

Although information technologies can be employed in administrative functions to 

support management and general operations, we focus on information technologies 

employed in clinical functions (also referred to as health information technologies) which 

contain clinical or health-related information used by the various roles and functions that 

enable the delivery of care (Wagner et al. 2009).  Yet, national level projections suggest 

that the diffusions of health information technology in the U.S. health care sector are 

relatively slow due, in part, by acquisition and implementation costs, uncertain financial 

benefits, and disruption in current practices (see Hillestad et al. 2005).  As a result, the 

American Recovery and Reinvestment Act (ARRA) of 2009 provides a substantial 

commitment of federal resources to support adoption and assist in identifying key 

functionalities in support of improvements in care delivery.  Such incentives are aimed at 

reducing the financial barriers associated with adoption and implementation of 

information technology in clinical settings (Shields et al. 2007).  In particular, the Centers 

for Medicare and Medicaid Services (CMS) has established and incentive program under 

the Health Information Technology for Economic and Clinical Health Act (HITECH) that 

will provide incentive payments to eligible professionals, hospitals, and critical access 

hospitals as they adopt, implement, upgrade or demonstrate „meaningful use‟ of health 

information technologies.  Meaningful use requires attesting to meeting 25 objectives 

intended to improve quality, engagement with patients, coordination, and privacy and 



 

   

22 

 

security in order to achieve the full potential of health information technology 

interventions (HHS 2010a).       

The ability to leverage information technology is believed to enable consistent and 

near real-time transfer of information between roles and functions that are distributed 

across supply chain partners ultimately reducing uncertainty and improving quality in the 

delivery of care.  Suggested ways of using information technologies in the delivery of 

health care include:  monitoring systems that identify problems and confirm where to 

intervene, information networks that enable the sharing of data and knowledge to enable 

collaboration and information exchange, technology-enabled interventions that bring 

about behavioral change such as issuing reminders to patients and providers, as well as 

decision support systems to make and implement correct decisions, and telemedicine 

tools that enable access to subspecialties (AHRQ 2010).  In particular, more accurate 

documentation, rapid retrieval of information, management of complex information, and 

enhanced communication are information processing capabilities that are touted as 

fundamental to high quality health care (Branger et al. 1992; Chassin and Galvin 1998; 

Millery and Kukafka 2010).  In addition, there should be a drastic reduction in “missed 

diagnosis, incorrect clinical choices, errors, and unnecessary tests and procedures” 

(Blumenthal and Glaser 2007, p.2528).  Applying these anticipated benefits to chronic 

diseases, a suggested mechanism through which information technology can be 

instrumental in the process of chronic care management is by identifying people with a 

potential or active chronic disease which allows providers to target services based on the 
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level of risk and provide monitoring and adjustment of therapy ultimately leading to a 

reduction in the incidence of complications (Hillestad et al. 2005).   

However, organizations cannot instantaneously assimilate an intervention, resulting in 

a discrepancy between the knowledge and motivations of those responsible for 

development and acquisition versus those responsible for implementation and use 

(Fichman and Kemerer 1999).  Considering the potential sources of failure or 

ineffectiveness in conjunction with the increasing complexity in health care operations, 

the implementation of new technologies should be considered as an important source of 

uncertainty (Carrillo and Gaimon 2000; Jayanthi and Sinha 1998; Tyre and Hauptman 

1992).  In addition, the health care context possesses certain complexities specific to its 

highly decentralized clinical decision making structure resulting from dual organizational 

and incentive structure between administrators and clinicians, a significant degree of 

control and autonomy enjoyed by clinicians, as well as ambiguity in the measurement of 

care delivery effectiveness (Heckman et al. 2009, Meyer and Rowan 1977, von 

Nordenflycht 2010).  These complexities are further magnified by the timeliness required 

in the clinical decision making process.  It is therefore understandable why the rate of 

information technology penetration in the U.S. health care sector has been less than ideal 

with routine use in clinical settings lagging the use in administrative settings (Wagner et 

al. 2009).  As Blumenthal and Glaser (2007) point out,   
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“For many physicians, especially those in solo or small practices, [health 

information technology] conjures a very difference image – that of a 

waiting room full to bursting, a crashed computer, and a frantic clinician 

on hold with IT support in Bangalore” (p. 2527). 

In order to address this dilemma, the Agency of Healthcare Research and Quality 

(AHRQ) has the impetus to identify ways to address three important domains for 

information technology intervention effectiveness in the delivery of health care: (i) 

quality, (ii) efficiency, and (iii) costs.  In a literature review of clinical studies published 

in recent years, Chaudhry et al. (2006) identified that the major effects of information 

technology on quality of care were in improved adherence to guideline- or protocol-based 

care, improvements in clinical monitoring, and reductions in medication errors.  As for 

efficiency, information technology was associated with decreases in health services 

utilization rates with mixed results in the association with provider time.  Information 

available to evaluate the impact of information technology adoption on costs is lacking 

and therefore, with respect to the business case, no conclusions where offered (Chaundry 

et al. 2006).  Yet, variations in the effectiveness of information technology use are well 

documented in hospital as well as in primary care settings with even less clear evidence 

of impact on health outcomes (DesRoches et al. 2009; Holroyd-Leduc et al. 2011; Jamal 

et al. 2009).  It is therefore suggested that the impact of information technology will be 

inconsistent across institutions where effectiveness will depend on the clinical setting, 

clinical issues, and patient population served (Shekelle et al. 2006). 
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2.4  Under-Resourced Clinical Settings 

Clinical settings vary greatly within specialties and regions due in part to the 

heterogeneity in their resources and associated capabilities.  Dealing with problems 

related to scarce resources is a foundation of social organization (Wilkinson 2001). The 

Agency for Healthcare Research and Quality (AHRQ) considers under-resourced clinical 

settings to be “settings that provide care for people who have insurance with low 

reimbursement rates or those who have no insurance, thus leading to a relatively low 

level of resources to make the required capital and human resource investments” (AHRQ 

2010).  These settings are characterized as experiencing chronic problems of poor 

financial performance which results in inadequate financing for working capital or 

reinvestment in desired infrastructure, staffing, and technology (Werner et al. 2008).  

Examples of such settings include community health centers, public hospitals, and safety-

net settings which are associated with treating significantly greater proportions of 

uninsured, Medicaid, or other vulnerable patient populations.  Under-resourced clinical 

settings notoriously receive inadequate reimbursement fees, and therefore, on average, 

are in worse financial conditions than others potentially reducing their ability to respond 

to quality-improvement incentives.  Due to their payer-mix, they are further limited in 

their ability to shift the costs onto other payers, increasing the difficulty of maintaining 

financial health (Werner et al. 2008).   

  The extant literature that focuses particularly on under-resourced clinical settings 

argues that due to the relatively low level of resources available in these settings, their 
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performance is significantly lower than their counterparts (i.e., Bluestein 2008, Fiscella 

and Epstein 2008, Millery and Kukafka 2010, Werner et al. 2008).  “As long as those 

caring for uninsured and Medicaid patients have substantially depressed resources, it is 

hard to understand how they can (or should) be expected to perform at the level of their 

better-reimbursed peers” (Bluestein 2008, p.816).   In a literature review that looks at the 

issue of achieving and maintaining high-quality performance of health workers in low-

resource settings, Rowe et al. (2005) suggest that better understanding of the true 

determinants of health-worker performance is needed in order to develop better 

strategies.  Consistent with this notion, Fiscella and Epstein (2008) discuss how the 15-

minute office visit discriminates against vulnerable or underserved patients because they 

are at higher risk of multiple risk factors due to shared social characteristics including 

low socioeconomic status.  Given that “time constraints severely limit informed decision 

making and confirmation of patient understanding, and commonly result in omission of 

discussion of adverse medication effects and costs” (p.1844), under-resourced settings 

would therefore be at an even greater disadvantage where more resources are required to 

treat the more complex and heterogeneous patient population.   

The socioeconomic payer gap, due to lower income patients being more likely to be 

uninsured or hold Medicaid insurance, means that those that offer care in concentrated 

lower socioeconomic settings do so at a significant financial disadvantage.  As Bluestein 

(2008) comments:   
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“Chronically depleted finances can be expected to blunt organizational 

capacity by reducing the ability to attract qualified staff and diminishing 

the potential to purchase and maintain infrastructure.  In turn, this takes a 

toll on performance and on organizational capacity to improve 

performance….  As long as those caring for uninsured and Medicaid 

patients have substantially depressed resources, it is hard to understand 

how they can (or should) be expected to perform at the level of their 

better-reimbursed peers” (p.814-816). 

Presumably, given constrained budgets and lower reimbursement rates, incentives 

amount to lower payments to practices that are unable to achieve the required scores or 

make the requisite investments in resources (Epstein 2004).  Therefore, under-resourced 

settings present unique characteristics that must be considered when assessing the impact 

of information technology on quality of care (Millery and Kukafka 2010).  Further, there 

are growing concerns that information technology investments are potentially creating a 

“digital divide” leaving the most vulnerable behind (Jha et al. 2009).  As such, as one of 

the strategic principles outlined in the Federal Health Information Technology Strategic 

Plan, is “The government will endeavor to assure that underserved and at-risk individuals 

enjoy [the benefits conferred by health IT] to the same extent as all other citizens” (ONC 

2011a, p.7).          

2.5  Primary Care Supply Chain for Chronic Diseases 

Supply chain management involves the management of the bi-directional flows of both 

physical as well as non-physical resources in a network that consists of intra- and inter-

organizational entities (Lee 2000).  While physical resources typically include raw 

materials and finished products as well as physical financial elements such as cash, non-
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physical resources may include information and knowledge and non-physical financial 

elements such as demand information, credit terms, and contracts (Schneller and 

Smeltzer 2006; Dawande et al. 2010; Hult et al. 2007; Rai et al. 2006).  As such, by 

effectively managing a supply chain, improvements in efficiency, quality, inventory, and 

overall profitability across the supply chain can be obtained (Hult et al. 2007, Lee 2000, 

Lee et al. 1997, Rai et al. 2006).   

No health care professional can deliver high quality care alone (Chassin and Galvin 

1998).  Taking a supply chain centric view of health care delivery, we consider the 

different roles and functions within and between supply chain partners that interact to 

enable the delivery of care for chronic diseases (Sinha and Kohnke 2009).  Lee (2000) 

suggests that effective supply chain management can be achieved through supply chain 

coordination and integration.  Therefore, the supply chain for chronic care should involve 

the coordination of the various functions and roles to enable the flow of required 

resources between supply chain partners.  This network approach provides a more 

holistic representation of the inter-dependence and uncertainty in the various elements 

that make up care delivery.  Such an approach has been used in the popular business 

press to highlight the complexity in coordinating care delivery (i.e., Christensen et al. 

2009, Gittell 2009) in an effort to develop effective disease management strategies 

directed at reducing costs and improving outcomes for patients (Rothman and Wagner 

2003).   
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According to the Robert Wood Johnson Foundation (2010) poor coordination in the 

delivery of care generally leads to unnecessary service utilization, inappropriate 

hospitalizations, as well as conflicting diagnoses and treatment recommendations from 

providers.  Care delivery, therefore, “almost inevitably seems to involve many different 

individuals, all needing to share patient information” (Coeira 2006, p.89).  As the number 

of individuals in the network increases, the number of possible connections between them 

increases combinatorially (Coiera 2006).  The complexity of chronic disease management 

with long term systematic intervention of at times more than one provider is what makes 

the coordination of care delivery for chronic diseases so problematic.   

As an integral part of the health care supply chain, primary care not only helps 

prevent illness and death, but also serves as a point of first contact to reduce the difficulty 

in accessing needed health services.  The coordination of care across providers and 

locations “is a defining characteristic of primary care and is of critical importance for 

persons with chronic disease” (Rothman and Wagner 2003, p.256).  It is in the context of 

primary care where a large majority of health care needs and the management of health 

related problems can be addressed before they become acute enough to require 

hospitalization or emergency services (Starfield et al. 2005).  Yet, variation in primary 

care delivery associated with race, ethnicity, socioeconomic status, and other factors not 

attributable to clinical manifestations are prevalent which leads to inefficiencies and 

additional costs contributing to longstanding disparities in health status and outcomes 

(Clancy 2008).   
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Coordinating health care does not only require an emphasis on intra-organizational, 

but also on inter-organizational functions and roles.  Rather than having silos working 

towards self-interest goals, the desired objective is for a more integrated and coordinated 

supply chain that is patient-centric with functions and roles working together towards 

meeting the patient‟s health care needs.  Outputs of tasks performed by one element in 

the network are needed for the successful completion of tasks performed by other 

elements in the network.  In many instances, clinical tasks will not be carried out until all 

the required clinical information is gathered leading to potential delays in time-critical 

clinical steps (Lahiri and Seidmann 2012).  In light of these intra- and inter-

organizational interdependencies, information technology can enable coordination 

between the various roles and functions through improved access, sharing, and exchange 

of clinical information.  Taking a macro-view of the health care supply chain, we focus 

on identifying downstream interdependencies between key stake holders in the delivery 

of chronic care (Sinha and Kohnke 2009).  In order to conceptualize the health care 

supply chain for chronic care (see Figure 2-1), we draw from health services research 

(HSR) by considering the patient as the input and his or her health outcome as the output 

(Andersen et al. 1994).  After all, using the “realized access” conceptualization, the 

patient must first enter the health care system to be properly diagnosed and treated for his 

or her respective chronic disease condition. 
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Figure 2-1:  Conceptualization of the primary care supply chain for chronic diseases. 

 

Chronic care delivery typically begins in a primary care setting, where depending on 

the co-morbidity or complexity of the disease condition, diagnosis, treatment, and 

ongoing follow-up may require the coordination with other providers including 

specialists.  Depending on the acuteness of the disease condition, treatment may also 

require access to and coordination with inpatient care in a hospital setting.  In addition to 

medical care, a pharmacy component is also necessary for access to pharmacology 

treatment.  At some point, these various services must be reimbursed and as such the role 

of the payer is included.  Finally, as in the chronic care models discussed, the various 

roles and functions of health care delivery do not operate in a vacuum, rather they take 

place in a community which can either enable or inhibit the delivery of health care.   



 

   

32 

 

Given the interdependency between these entities, supply chain design should be at 

the forefront of health care delivery as organizations link with partners in the supply 

chain to form inter-organizational operations in order to produce more efficient, cost 

effective, and high quality care.  By placing health care supply chain in a broader 

community and environmental context allows us to build on and add to the rich 

knowledge base that addresses health disparities (Lurie 2001).  In an effort to provide 

“the right service at the right time in the right place” for individuals who have less access 

and greater need, the health care supply chain community should strive to understand 

what care delivery is actually like for different clinical settings such as those that are 

under-resourced where a disproportionate number of vulnerable and underserved patients 

receive care (Rogers et al. 1999, p.866). 
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Chapter 3 :  Digitizing Under-Resourced Primary Care 
 

“The challenge remains to use resources effectively to provide people with 

access to high-quality care and appropriate services that maintain health 

and functioning in the face of disease progression and ensure that this 

care is coordinated across multiple providers and payers”.  

 

~ Robert Wood Johnson Foundation (2010) 

 

3.1  Introduction 

Through improved knowledge and treatment, people living with chronic disease can live 

longer (Rothman and Wagner 2003).  Ironically, even with major causes of chronic 

diseases well known and understood, vulnerability and impact from such disease 

conditions is particularly associated with inadequate access to quality health care and 

treatment.  Resource constraints have been argued to influence health care delivery 

decisions which can result in reduced quality and ultimately negatively impact health 

outcomes (Kc and Terwiesch 2009; Kc and Terwiesch 2011).  Since patients with 

different socioeconomic status to some extent reside in different communities and seek 

care in different settings, clinics may differ with regard to resources available to them 

which may underlie disparities in the delivery of care (Bach et al. 2004).  Given that 

under-resourced settings provide care to greater proportions of people who have 

insurance with low reimbursement rates or those who have no insurance, care for socially 

disadvantaged patients is characteristically under-resourced and often lower in quality.  

“The mismatch between patients‟ needs and the time and resources available to address 

those needs is greatest for socially disadvantage patients, thereby exacerbating disparities 
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in access to, process of, and outcomes of health care” (Fiscella and Epstein 2008, 

p.1849).  Thus, further research is needed to evaluate the extent to which quality 

improvement interventions and differences in resources affect care delivery.     

From a technology perspective, supply chain management can be viewed as a 

digitally enabled inter-organizational process capability for improving end-to-end 

processes between partners and their customers (Rai et al. 2006), where the digitization 

level reflects the effective application of the technology-enabled systems not only to 

support supply chain activities within the firm, but also to enhance relationships with 

supply chain partners and customers (Barua et al. 2004).  Information technologies today 

are designed to support both intra- as well as inter-organizational activities, with intra-

organizational systems frequently aiming to create integration and sharing of information 

across organizations (Venkatesh 2006).  The ability to leverage information technology 

therefore enables consistent and near real-time transfer of information between functions 

that are distributed across care delivery supply chain partners ultimately reducing 

uncertainty in the delivery of care.   

Information technology has been regarded as a critical component in reducing 

disparities in care delivery by improving the awareness of both care-givers and patients 

through timely availability of information for the management of chronic disease 

conditions.  In order to address disparities in care, patients from traditionally underserved 

groups need to have access to these benefits.  As such, evaluating the effectiveness of 
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information technology “among providers that disproportionately care for underserved 

populations must be a central part of any comprehensive strategy to reduce health 

disparities” (Shields et al. 2007 p.138).  Yet, evidence supporting such benefits is scarce, 

more so in under-resourced clinical settings where those that are uninsured, of lower 

income, and socially disadvantaged typically access care (Millery and Kukafka 2010).   

Given the impact of chronic conditions on disparities in health, we consider the 

interdependence between the patient who must access the health care system in order to 

be diagnosed and treated, the primary care provider who traditionally serves as the 

gatekeeper for health care services, and the community where services are provided.  In 

this chapter we specifically look at the interplay of resources and information technology 

to address the „gap‟ between the supply of and demand for quality health care which 

demands major progress in preventing or delaying illness and death by crafting 

inexpensive and cost-effective interventions that take advantage of the information and 

knowledge available across the supply chain for the proper diagnosis and treatment of 

chronic disease conditions.  The overarching research question that guides the study in 

this chapter is:   

RESEARCH QUESTION:  Does technology-enabled intervention in the 

supply chain for primary care improve the delivery of and reduce 

disparities in the delivery of high quality health care due to resource 

differentials?  If so, how?   

In addressing this question, we develop a framework that highlights the dependence on 

external resources that impact clinical settings and how leveraging information 
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technology can compensate for the lack of resources available.  In the subsequent section 

we review selected literature related to health care for the socioeconomically 

disadvantaged as well as information technology in health care and other contexts.  We 

then move on to present the theoretical framework that guides the study in this chapter 

and develop hypotheses that guide the empirical analysis.  In the subsequent section we 

outline the research design, including the data sources, measures, and methods employed.  

Subsequently, we move on to summarize the results.  The final section presents the key 

findings as well as the contributions of this study to theory and practice, the study‟s 

limitations, and directions for future research.  

3.2  Literature Review 

A major theme in organization studies is “how managers go about ensuring their 

organization‟s survival” (Pfeffer and Salancik 2003, p.2).  According to resource 

dependence theory, organizational survival is dependent on the ability to acquire and 

maintain resources, both tangible and intangible, and as such organizations must transact 

with elements in their environment to acquire the needed resources.  Because an 

organization does not control all of the resources it needs, resource acquisition may be 

problematic and uncertain.  This uncertainty is primarily associated with a lack of control 

over the environment and its associated vulnerability in resource acquisition (Bode et al. 

2011).  As such, not only do we focus on individual and organizational-level factors that 

influence care delivery, but also consider the community context and characteristics of 

the local population where the organizations operate.     
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Studies show that socio-demographic factors can negatively impact health outcomes.  

Although socioeconomic status (SES) is most often operationalized as a composite 

measure of economic status (i.e., income), social status (i.e., education), and work status 

(i.e., occupation), a single indicator as a measure for SES is often used (Adler et al. 

1994).  In studies that consider the effect of SES on health outcomes, most compare 

health outcomes between the lower (i.e., below poverty line) and the higher SES 

hierarchy. Adler and Ostrove (1999) comment that the evidence of social causation (SES 

influences health status) is more compelling than for social drift (health status contributes 

to SES).  In looking at social causation, studies have looked at both the individual SES 

effects as well as the community SES effects on health outcomes.  Andersen et al. (2002) 

have suggested that “access to medical care depends on who people are and where they 

live” (p.384).  Ross and Mirowsky (2008) recently studied whether community SES has a 

significant positive effect on health over and above the personal and household SES.  

They conclude that about 40% of the association between community SES and individual 

health is related to community SES.  This contextual effect has been argued to add 

collective socioeconomic disadvantages that result from a lack of resources or 

opportunities on the community level.   

Some of the socioeconomic separation in care delivery is driven by residential 

patterns (Blustein 2008).  As a result, individuals are vulnerable to health care quality 

problems for one or more underlying reasons, including financial circumstances and 

place of residence (Chang et al. 2004).  Prior research has shown that care for patients 
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with lower socioeconomic status is concentrated among a small number of providers (Jha 

et al. 2009).  Since patients with different socioeconomic status to some extent reside in 

different locations and seek care in different settings, clinics may differ with regard to 

resources which may underlie disparities in the delivery of care (Bach et al. 2004).  

Further, clinical settings that predominantly treat poor and uninsured patients may be 

disadvantaged if they lack the resources necessary to respond to quality improvement 

incentives (Werner et al. 2008).  Therefore, evaluating the extent to which such 

differences in resources between clinics affect care delivery should be considered.   

Individuals who are at greater risk for adverse health outcomes are particularly in 

need of timely and effective health information support.  A key assumption in reducing 

disparities in health outcomes is by increasing access to relevant information resources 

and support (Chang et al. 2004).  In particular, IT has the potential to reduce disparities in 

care delivery by improving the awareness of both care-givers and patients through timely 

availability of information for the management of chronic disease conditions.  In support 

for these expected benefits of leveraging IT in the delivery of care, as part of the 

American Recovery and Reinvestment Act (ARRA) of 2009 the Centers for Medicare & 

Medicaid Services (CMS) has created incentive programs to provide payments to eligible 

professionals and hospitals as they demonstrate “meaningful use” of health IT (HHS  

2010a).     



 

   

39 

 

From a technology perspective, supply chain can be viewed as a technology-enabled 

inter-organizational end-to-end process that can be improved with the effective 

application of technology-enabled systems not only to support supply chain activities 

within organizations, but also to enhance relationships with supply chain partners and 

customers (Barua et al. 2004; Rai et al. 2006).  Information technologies today are 

designed to support both intra- as well as inter-organizational activities, with intra-

organizational systems frequently aiming to create integration and sharing of information 

and knowledge across organizations (Venkatesh 2006).  The ability to leverage 

information technology therefore enables consistent and near real-time transfer of 

information and knowledge between functions that are distributed across supply chain 

partners ultimately reducing uncertainty in carrying out their respective tasks.   

Technology assets, both tangible and intangible, are resources available for a firm to 

use in its process for creating, producing and/or offering its goods and services to a 

market, whereas technology capabilities are repeatable patterns of actions in the use of 

technology assets (Barua et al. 2004).  Although an IT infrastructure alone is a tangible 

and non-socially complex capability (Ray et al. 2004), it signals the internal readiness of 

an organization for leveraging IT capabilities which have been shown to enable 

information sharing and exchange (Barua et al. 2004).  Benefits obtained from 

information sharing and exchange through the acquisition, distribution, and interpretation 

of information have been shown to be effective in operations and supply chain settings by 
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improving quality, reducing cycle times, and improving overall operational excellence 

(Barua et al. 2004; Hult et al. 2007; Rai et al. 2006).   

In the information and knowledge intensive context of new product development 

(NPD), Pavlou and El Sawy (2006) introduce the construct of IT leveraging competence 

which they define as the ability to effectively use IT functionalities.  Although the 

literature has predominantly viewed IT capability as arising from within the IT unit, 

Pavlow and El Sawy specifically focus on the role of users outside of the IT function 

itself.  The proposed IT leveraging competence construct is defined as the ability of work 

units to effectively use IT functionalities to support their respective IT-enabled activities 

by being aware of what IT functionalities have to offer, to understand when to use them, 

and to do so effectively.  They argue that because NPD capabilities are information and 

knowledge intensive, such capabilities can be enhanced by the effective leveraging of IT 

functionalities which can lead to enhanced communication, increased efficiency of 

information sharing, as well as improvements in the accessibility and availability of 

knowledge.  They show that IT leveraging competence indirectly influences competitive 

advantage through its impact on functional competencies (the ability to effectively 

execute operational processes).  The findings suggest that researchers should look beyond 

the effects of firm-level IT capabilities and focus on how users outside of the IT function 

can leverage IT functionalities to better execute operational processes. 
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3.3  Theory and Hypotheses 

We evaluate the quality of care at the process level which consists of components of the 

care delivery encounter between the health care provider and the patient and if specified 

on the basis of scientific and expert judgment it should also reflect excellence in care 

(Brook et al. 1996).  Building on medicine‟s long tradition of rigorously applying 

scientific methods to clinical work, an emphasis on the technical aspects of quality can 

result in both improved care delivery and health outcomes (Blumenthal and Epstein 

1996).  It is at the process level were clinical decisions about care can result in underuse, 

overuse, or misuse of health care services preventing access to effective health care  

(Chassin and Galvin 1998).  Our theoretical model, therefore, links resource dependence 

and IT leveraging competence perspectives to the delivery of quality health care (see 

Figure 3-1).   

3.3.1  Resource Dependence  

Health care takes place within the community with its resources and policies and within 

the health care organization with its payment structures and personnel (Bodenheimer et 

al. 2002).  The potential for accessing health care services is influenced not only by the 

structural characteristics of the delivery system, but also by the resources and needs that a 

patient may bring to the health care-seeking process (Andersen et al. 1983).  Most 

research on access to health care has focused on individual-level enabling resources (i.e., 

income and insurance) with a more recent emphasis on community-level enabling 

resources (i.e., per capita income and percent uninsured) that can enable or hinder 
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individuals in accessing needed care (Andersen et al. 2002; Davidson et al. 2004; Kirby 

and Kaneda 2005).     

Contrary to resource dependence theory which suggests that organizations will 

eventually fail if they cannot obtain the required resources, under-resourced clinical 

settings continue to persist.  In contrast with settings where organizations can enter into 

cooperative agreements with various exchange partners for the acquisition of resources 

due to their potential profitability and growth opportunities, the persistence of the uneven 

allocation of resources in clinical settings is largely driven by the reliance on programs 

for vulnerable and underserved patient populations which require federal, state, and 

community participation with varying degrees of support (Andersen et al. 2002).  In 

return, eligibility requirements for federal, state, and community participation are 

predominantly based on the requirement that services be provided to the vulnerable and 

underserved.  Kirby and Kaneda (2005) suggest that communities with a shortage of 

resources create physical, service, and social environments that impede access to quality 

health care.  That the lack of enabling resources in communities becomes an „emergent 

characteristic‟ that affects the ability of its residents to obtain needed services 

independent of an individual‟s enabling resources.  After all, the quality, quantity, and 

diversity of community mechanisms that address the needs of individuals do not operate 

in a vacuum.  Rather, they emerge mainly in environments where there are sufficient 

socioeconomic resources (Sampson et al. 2002).  Therefore, the „spill over‟ effects on 

care delivery become apparent when health care organizations are forced to cut back on 
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care delivery services, not only for those who are less able to cover the costs associated 

with accessing care, but for everyone in the community.         

Health care organizations are a mechanism through which individuals obtain access 

to health care and as such will require community-level and individual-level enabling 

resources to provide access to required services through investments in human capital, 

facilities, and technology.  Therefore, uncertainty in access to enabling resources can be 

detrimental to health care organizations through its impact on revenue streams which 

drive decisions regarding the quantity and quality of services provided (Pagan and Pauly 

2006).  In particular, the payer gap, due to lower SES patients more likely to be uninsured 

or hold government assistance insurance ultimately leading to lower reimbursement rates, 

means that those that offer care in concentrated lower SES settings do so at a significant 

resource disadvantage.  In response to the resulting resource constraints, capacity 

decisions may promote over utilization and rationing that have been shown to be 

detrimental to the quality of health care delivered (Kc and Terwiesch 2009; Kc and 

Terwiesch 2011).  Given the dependence of health care organizations on enabling 

resources, we hypothesize that enabling resources have a positive influence on the ability 

to delivery high quality health care. 

HYPOTHESIS 1A (H1A):   Community enabling resources are 

positively associated with the delivery of high quality health care. 

HYPOTHESIS 1B (H1B):   Individual enabling resources are positively 

associated with the delivery of high quality health care. 
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3.3.2  IT Leveraging Competence 

Health care organizations can be classified as having a high level of knowledge intensity 

and professionalized workforce (von Nordenflycht 2010).  Ultimately it is the 

intellectually skilled workforce that applies their particular expertise or knowledge base 

in carrying out the activities, routines, and processes and hence the organizational units 

whom actively control and apply the knowledge that resides within the organization.  

Yet, maximization of clinical outcomes by individual decision makers cannot be readily 

accomplished because of the lack of complete information available to health care 

providers, their cognitive limitations, and the finite amount of time available to analyze 

and make rational choices (Balsa et al. 2003; Fiscella and Epstein 2008; Wennberg et al. 

1982).  Therefore, we view health care delivery capabilities as information and 

knowledge intensive which can be enhanced by the effective leveraging of IT resulting in 

improved functional competencies.       

Although IT value can be analyzed at both the intermediate process level and the 

organization-wide level (Melville et al. 2004), we consider the impact of IT on the 

intermediate process level where the organization employs its resources and capabilities 

in order to accomplish its objectives (Ray et al. 2004).  Given the nascent state to IT 

acquisition and deployment in the health care sector, we not only consider the 

deployment and use of IT capability, but also the acquisition of IT resources in our 

conceptualization of IT leveraging competence in health care delivery (Pavlou and El 

Sawy 2006).  In contrast to managing „general‟ knowledge, we focus on specifically 
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designed IT systems that enable the collection, sharing, and exchange of health 

information and knowledge that is used to improve clinical decision making across the 

health care supply chain.  Improving the visibility across the health care supply chain 

allows supply chain partners to retrieve, transmit, combine, and process information for 

decision support (Barua et al. 2004).  Therefore, in addition to benefits in the 

administrative tasks from the reduction of paper based documentation and providing 

more complete and accurate records, anticipated clinical benefits from the use of IT 

include increasing the speed and accuracy of communication between functions as well 

as increasing compliance with treatment recommendations (AHRQ 2010).       

Employing IT in the clinical delivery process can also provide structure to an 

unstructured decision environment (Daft et al. 1987).  Routinizing IT into the clinical 

workflow inevitably disrupts existing routines allowing for new pre-programmed ways of 

performing tasks.  The introduction of these deliberate „forcing functions‟ into the 

execution of clinical tasks is expected to ultimately result in improvements in care 

delivery outcomes by addressing underuse, overuse, and misuse quality problems (Bates 

and Gawande 2003; Chassin and Galvin 1998).  Further, providing more structure to 

individual tasks in order to make them more predictable can also improve the 

coordination of activities which has been suggested to be a means for health care 

organizations to cope with the pressures to improve the quality of care (Gittell et al. 

2000).  Therefore, in addition to IT‟s benefit in accomplishing individual tasks, IT also 

has the ability to coordinate tasks between health care functions by increasing shared 
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knowledge across functions and ultimately enabling users to engage in more timely and 

accurate communication with each other.  We expect that „IT‟izing clinical care 

capabilities through increasing levels of IT leveraging competence will result in 

improvements in the quality of care delivery.   

HYPOTHESIS 2A (H2A):   IT leveraging competence is positively 

associated with the delivery of high quality health care. 

3.3.3  IT Leveraging Competence as Moderator 

A key assumption in reducing disparities in health is by increasing access to relevant 

information resources and support (Chang et al. 2004).  As such, information technology 

has the potential to reduce disparities in care delivery by improving the awareness of both 

care-givers and patients through timely availability of information for the management of 

chronic disease conditions.  As a source of uncertainty for organizations, input 

uncertainty increases the information processing requirements for decision making 

(Argote 1982).  “Input uncertainty is particularly relevant in health care settings due to 

variation among the patients themselves” (Gittell 2002, p.1412).  This uncertainty is 

further magnified by the difficulties in diagnosing a disease and prescribing appropriate 

treatment given the lack of thoroughness and reliability of information regarding the 

disease and the outcomes of alternative treatments (Wennberg et al. 1982).  In particular, 

some of the mechanisms that generate disparities in care delivery can be traced to the 

clinical discretion in health care where the physician is who defines the needs and the 

diagnostic studies, evaluates therapy, and makes utility judgments on behalf of the patient 
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given the provider and patient uncertainty about clinical decisions (Balsa et al. 2003; 

Wennberg et al. 1982).  Yet, time constraints severely limit informed decision making 

which is more evident with socially disadvantaged patients who more commonly have 

multiple and complex problems (Fiscella and Epstein 2008).  Such constraints are 

routinely described as a barrier to adherence to explicit process criteria in health care 

delivery (Cabana et al. 1999).      

We argue that digitizing elements of the health care delivery process allows health 

care organizations to substitute technology for other resources.  In particular, as a 

technological resource, the deployment of IT can enable organizations to provide and 

process more information more often without overloading the decision makers (Galbraith 

1977).  Given the existing resource constraints, the resulting benefits obtained from 

increased information capacity should be greater as available resources decrease.  The 

degree of fit between processes and an underlying technology that facilitates information 

sharing and coordination will ultimately reduce uncertainty (Barua et al. 2004).  

Therefore, in addition to leveraging an IT infrastructure which enables automational 

capabilities that allow organizations to do more with less and informational IT 

capabilities which bring vast amounts of detailed information into a process to improve 

decision making, we expect that leveraging more proactive IT capabilities that can bring 

more complex methods to bear on a process (Davenport and Short 1990) will be 

associated with decreasing the „gap‟ in the quality of health care delivery by 

compensating for enabling resources. 
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HYPOTHESIS 2B (H2B):   The relationship between community 

enabling resources and the delivery of high quality health care is 

moderated by IT leveraging competence, such that IT leveraging 

competence has a greater positive effect on the delivery of high quality 

health care under lower levels of community enabling resources compared 

to higher levels of community enabling resources. 

HYPOTHESIS 2C (H2C):   The relationship between individual 

enabling resources and the delivery of high quality health care is 

moderated by IT leveraging competence, such that IT leveraging 

competence has a greater positive effect on the delivery of high quality 

health care under lower levels of individual enabling resources compared 

to higher levels of individual enabling resources. 

Figure 3-1:  Resource dependence and IT leveraging competence conceptual framework; 

relationship between enabling resources and IT leveraging competence in delivering high 

quality health care. 
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3.4  Research Design 

3.4.1  Disease Context  

Diabetes is a chronic disease condition that is characterized by abnormally high levels of 

glucose in the blood due to a shortage of insulin or a decreased ability to use insulin.  

With the number of adults with this disease condition more than doubling since 1980, 

diabetes is considered as a rising global hazard (Danaei et al. 2011).  According to a 

statement by the Centers for Disease Control and Prevention (CDC), with nearly 24 

million Americans now having diabetes it is the leading cause of new cases of blindness, 

kidney failure, and non-traumatic lower-extremity amputations in adults and in 2007 was 

the seventh leading cause of death changing the diabetes chronic condition from a public 

health concern to a widespread epidemic (Albright 2011).  Although there has been great 

progress in managing diabetes and its associated complications, the U.S. national 

economic burden of pre-diabetes and diabetes in 2007 was estimated at $218 billion 

bringing attention to this chronic disease condition and its economic burden (Dall et al. 

2010).  These highlights underscore the urgency of better understand the impact of 

quality improvement interventions aimed at prevention and treatment of this chronic 

disease condition.   

3.4.2  Data Collection  

Quality Health Care.  Minnesota Community Measurement (MNCM) is a collaborative 

effort that includes medical groups, clinics, physicians, hospitals, health plans, 

employers, consumer representatives and quality improvement organizations in the state 
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of Minnesota.  These stakeholders support the notion that greater transparency in the 

health care system will lead to better health outcomes.  Minnesota HealthScores was 

developed based on data provided by Minnesota health plans as well as data submitted 

directly by medical clinics statewide.  Minnesota HealthScores is used by medical groups 

and clinics to improve patient care, by employers and patients as vital information about 

the cost and quality of health care services, and by health plans for their pay-for-

performance programs.  This study is based on information from patient medical records 

for diabetes care received in clinics in 2009 and made available through the MNCM 

quality report and online portal (MNCM 2010a; MNCM 2010b).   

Clinics collected data from medical records by either extracting the data from an 

electronic medical record through a data query or by abstracting the data from a paper-

based medical record.  All data elements were specified by MNCM with clinics reporting 

their diabetes quality data directly to MNCM.  A validation process consisting of quality 

checks of the submitted data files as well as on-site audits is performed in order to “build 

trust that the data that will be used to calculate publicly reported performance rates are 

reliable, complete and consistent” (MNCM 2010a, p.208).  While every clinic within a 

medical group must submit data to MNCM, a performance measure is not publicly 

reported if a minimum threshold of 30 patients is not met.  

Individual Enabling Resources.  As part of the Minnesota Statewide Quality Reporting 

and Measurement System, the Minnesota Department of Health (MDH) developed a 
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standardized set of quality measures for hospitals and physician clinics to produce a 

public report on health care quality.  All physician clinics are required to submit data to 

MDH.  Only data on clinics submitting data on 30 or more patients for each measure 

were provided.  In order to account for differences in patient populations that are beyond 

the control of a physician, information on the proportion of patients covered by 

commercial insurance, Medicare, and Minnesota health care programs or uninsured was 

reported and made available in the MDH 2010 quality report (MDH 2010).  

Community Enabling Resources.  Under contract by the Health Resources and Services 

Administration (HRSA), The Primary Care Service Area (PCSA) Project offers the first 

national database of primary care resources and utilization for small areas.  A primary 

care service area (PCSA) represents health care market areas for primary care services.  

The database consists of geographic areas defined by aggregating ZIP Code areas to 

reflect Medicare patient travel to primary care providers and includes information about 

pertinent health care resources, population descriptors, health care need measures, and 

health care utilization statistics.  PCSAs were defined using 1999 Medicare claims data, 

2000 Census data, and ZIP Code Tabulation Areas (ZCTAs), which are generalized area 

representations of ZIP Code service areas developed by the U.S. Census Bureau.  This 

standardized definition of primary care service areas allows for the comparison of 

primary care outcomes while accounting for differences in population characteristics 

(Goodman et al. 2003).  In this study we use the 2005 and 2009 PCSA-level population 

socioeconomic estimates.  
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IT Leveraging Competence.  The Minnesota Statewide Quality Reporting and 

Measurement Initiative requires that all physician clinics complete a health IT 

ambulatory clinic assessment specifically focused on the utilization of electronic health 

records (EHRs).  The Minnesota Department of Health (MDH) contracted with MNCM 

to conduct the assessment which was performed between the dates of February 15, 2010 

and March 15, 2010.  This study is based on information from the 2010 health IT 

ambulatory assessment made available through the MNCM 2010 quality report and 

online portal (MNCM 2010a; MNCM 2010b). 

3.4.3  Measures 

We reviewed the extant literature to operationalize the quality of care delivery, IT 

leveraging competence, and enabling resources constructs as well as identify relevant 

controls (see Table 3-1).  The use of large-scale assessments in combination with other 

publicly available data has been used by other researchers to test relationships related to 

IT capability and organizational effectiveness (i.e., Bharadwaj 2000, Bharadwaj et al. 

1999, Brynjolfsson and Hitt 1996, Hitt and Brynjolfsson 1996).   Following Bharadwaj 

(2000), although problems related to reliability and validity of measures developed from 

such data exist, industry analysts are reliable and accurate raters in their specific industry 

of expertise.  Further, these data provide a way to compare clinics on various constructs 

for which other secondary sources of data do not exist.  Thirdly, given that data collected 

is for state wide health care services reporting, the response rates are better than most 

academic studies of this sort and is often corroborated through quality checks and audits.  
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Table 3-1:  Construct definitions, references, and data sources. 

Constructs References Source 

   

Quality Health Care   

Delivery of High Quality Care   

Care delivered according to clinical guideline 
recommendations. 

Sequist et al. (2005); Sequist et 
al. (2006) 

MN 
Community 

Measurement 
(MNCM) 

Enabling Resources   

Community   

Community-level social, economic, structural, and public 
policy resources available where access to health care 
services occurs. 

Andersen et al. (2002); Brown et 
al. (2004); Davidson et al. (2004); 
Kirby & Kaneda (2005); Pagan & 

Pauly (2006) 

Human 
Recourses 

and Services 
Administration 

(HRSA) 

Individual   

Individual-level enabling resources that facilitate the 
access to and use of health care services. 

Andersen et al. (2002); Brown et 
al. (2004); Davidson et al. (2004) 
Kirby & Kaneda (2005); Pagan & 

Pauly (2006) 

MN 
Department of 
Health (MDH) 

IT Leveraging Competence   

IT Infrastructure   

The shared IT resources consisting of a technical 
physical base and a human component that combine to 
create IT services for an organization. 

Bharadwaj (2000); Byrd & Turner 
(2000); Chwelos et al. (2001); 

Ray et al. (2005) 

MN 
Community 

Measurement 
(MNCM) 

IT Functionality   

The use of IT functionalities to support an organization's 
IT-enabled activities in the execution of its operational 
processes. 

Devaraj & Kohli (2003); Hsieh et 
al. (2011); Pavlou & El Sawy 

(2006); Ray et al. (2004) 

MN 
Community 

Measurement 
(MNCM) 

IT Information Exchange   

The ability to seamlesly exchange rich and timely 
information with other entities external to the 
organization. 

Barua et al. (2004); Chwelos et 
al. (2001); Rai et al. (2006) 

MN 
Community 

Measurement 
(MNCM) 

Controls 

 

 

Community 
 

 

Community-level variables associated with accessing 
health care services.  

Andersen et al. (2002); Brown et 
al. (2004); Davidson et al. (2004); 
Kirby & Kaneda (2005); Pagan & 

Pauly (2006) 

Human 
Recourses 

and Services 
Administration 

(HRSA) 

Clinic 
 

 

Clinic-level variables associated with quality health care 
services. 

Devaraj & Kohli (2003); Gittell 
(2002); Sequist et al. (2005); 

Sequist et al. (2006) 

MN 
Community 

Measurement 
(MNCM) 
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Dependent Variable.  The dependent variable is the proportion of patients with diabetes 

(Types I and II) ages 18-75 at each clinic who received high quality diabetes care 

(D_COMPOSITE) based on the five measures (known as the D5) as recommended by the 

Institute for Clinical Systems Improvement (ICSI): (i) test for blood pressure (less than 

130/80 mmHg), (ii) test for bad cholesterol (LDL less than 100mg/dl), (iii) test for blood 

sugar (A1c less than 8%), (iv) recommendations to remain tobacco free, and (v) 

recommendation to take aspirin daily as appropriate. The composite rate is calculated 

using an all-or-none method by giving credit for achieving high quality care when all five 

components of the D5 are met. As a requirement by Minnesota Statute, a system of risk-

adjusting quality measures was also provided. In order to standardize results by 

accounting for potential differences in patient populations beyond the control of 

providers, a risk adjusted measure was provided which adjusts the quality measure using 

a Minnesota statewide average distribution across insurance products (D_RISKADJ).  

Although diabetes cannot be cured, when patients meet these treatment goals, they are 

less likely to experience complications and can lead a healthy life.  Similar measures 

have been utilized in recent studies that study disparities in diabetes care in primary care 

settings (i.e., Sequist et al. 2005; Sequist et al. 2006).  Explicit process measures, like the 

D5, are especially valuable for health care quality assessment comparisons between 

providers and clinics (Brook et al. 1996).  The D5 measures are also consistent with 

Stage 1 “meaningful use” clinical quality measures as defined by the Centers for 
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Medicare & Medicaid Services (CMS) which include core measures and measures 

specific for diabetes (see Table 3-2). 

Table 3-2:  Comparison between study measures and Stage 1 “meaningful use” incentive 

criterion from the Centers for Medicare & Medicaid Services (CMS). 

 Study Measure Stage 1 Meaningful Use Incentive Criterion 

  

D_COMPOSITE  

Proportion of patients at clinic level that received D5 
care: (1) test for blood pressure (less than 130/80 
mmHg), (2) test for bad cholesterol (LDL less than 
100mg/dl), (3) test for blood sugar (A1c less than 8%), 
(4) recommendations to remain tobacco free, and (5) 
recommendation to take aspirin daily as appropriate. 

Preventive Care and Screening Measure Pair: a) Tobacco 
Use Assessment, b) Tobacco Cessation Intervention 
 
Diabetes: Hemoglobin A1c Control 
 
Diabetes: Low Density Lipoprotein (LDL) Management and 
Control 
 
Diabetes: Blood Pressure Management 

ITINFRA 
 

Indicator = 1 if clinic reports a fully installed EHR. Eligible professionals must use certified EHR technology. 
 

ITFUNCT  

Indicator = 1 if clinic reports the use of health IT (EHR) 
for lab and test results, tracking patient health 
problems, tracking doctors' orders, creating 
benchmarks, and reminding patients when they are 
due preventive care. 

Use computerized provider order entry (CPOE) for 
medication orders directly entered by any licensed 
healthcare professional who can enter orders into the 
medical record per state, local and professional guidelines. 
 
Maintain up-to-date problem list of current and active 
diagnoses. 
 
Incorporate clinical lab-test results into EHR as structured 
data. 
 
Send patient reminders per patient preference for 
preventive/follow-up care. 

ITEXCH  

Indicator = 1 if clinic reports the use of health IT for 
electronic prescribing, safely sending data to hospitals 
in provider's network or outside network. 

Generate and transmit permissible prescriptions 
electronically (eRx). 
 
Capability to exchange key clinical information (ex: problem 
list, medication list, medication allergies, diagnostic test 
results) among providers of care and patient authorizes 
entities electronically. 
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Independent Variables. We operationalize one measure for community enabling 

resources at the PCSA level:  the proportion of population that is below the 200% poverty 

level (P_POV).  The measure is based on the 2005 PCSA poverty estimates which are the 

most recent estimates made available. Similar community-level enabling resources 

measures have been argued to provide an indication of the wealth in the community and 

therefore serves as a proxy for community resources (i.e., Andersen et al 2002; Davidson 

et al. 2004).  This operationalization should be interpreted as the proportion of the 

population that is below the 200% poverty level increases, community enabling resources 

decrease.  We operationalize one measure for individual enabling resources at the clinic 

level: the proportion of patients covered by government assistance health care programs 

or uninsured (D_GOVNON).  Similar to the community enabling resources interpretation, 

as the proportion of a clinic‟s patient population covered by government assistance health 

care programs or uninsured increases, individual enabling resources decrease.  

Individual-level insurance has been argued to facilitate individual access to and use of 

needed health care services and therefore serves as proxy for individual resources (i.e., 

Andersen et al 2002; Davidson et al. 2004; Pagan and Pauly 2006). 

We operationalize three dichotomous measures for IT leveraging competence at the 

clinic level: IT infrastructure (ITINFRA), IT functionalities (ITFUNCT), and IT inter-

organizational information exchange (ITEXCH) (see Table 3-3).  An organization‟s IT 

infrastructure has been suggested to be a resource that enables organizations to create IT 

services that facilitate adoption of other IT resources (Bharadwaj 2000; Byrd and Turner 
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2000; Chwelos et al. 2001). We code ITINFRA as 1 if the clinic has indicated that it has a 

fully installed EHR and therefore the ability to leverage the IT infrastructure available to 

provide IT services in the process of proving care.  In contrast to IT infrastructure, the IT 

functionality utilization measure focuses on the use of IT functionalities in to support the 

various organizational activities in the execution of operational processes (Devaraj and 

Kohli 2003; Pavlou and El Sawy 2006; Ray et al. 2004). High IT functionality utilization 

implies a high use of health IT in the process of providing care.  We code ITFUNCT as 1 

if a clinic reports the use of IT for lab and test results, to track patients‟ health problems 

and track doctors‟ orders, as well as to create benchmarks and remind patients when they 

are due preventive care.  As an integral part of supply chain management, the ability to 

exchange information with other entities enables organizations to integrate their 

processes in the delivery of products and services to end customers (Barua et al. 2004; 

Rai et al. 2006). Therefore, as an indication of the level of IT enabled inter-organizational 

information exchange in the process of delivering care, we code ITEXCH as 1 if a clinic 

reports electronic prescribing and exchanging data with hospitals inside and/or outside 

the doctors‟ network.  Consistent with Stage 1 “meaningful use” criteria, IT leveraging 

competence in health care delivery requires that health care providers not only adopt IT, 

but also utilize the various functions and information exchange capabilities in order for 

IT to be employed in a meaningful way (see Table 3-2). 
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Table 3-3:  IT leveraging competence summary table; MNCM measures, IT 

leveraging competence measures, high vs. low IT infrastructure, IT functionality 

utilization, and IT inter-organizational information exchange; N = 450. 

MNCM Measures IT Leveraging Competence  Low High N 

Adopt 
ITINFRA 

   0 - None of the listed below Low = Levels 0, 1, 2 

 
2 

1 - Planning on adopting an EHR 
 



 
84 

2 - Started installation of an EHR High = Level 3 

 
21 

3 - Fully installed EHR 

  
 288 

 

   
450 

Use 
ITFUNCT 

   0 - None of the listed below Low = Levels 0, 1, 2 

 
89 

1 - Use the EHR for lab and test results 
 



 
107 

2 - And also use the EHR to track patient health 
problems and track doctors orders High = Level 3 

 
14 

3 - And also use the EHR to create benchmarks 
and remind patients when they are due 
preventive care 

  
 207 

 

   
450 

Exchange 
ITEXCH 

   0 - None of the listed below Low = Levels 0, 1 

 
129 

1 - Do electronic prescribing OR safely send data 
to hospitals in the provider's network 

 


 
132 

2 - Do electronic prescribing AND send data to 
hospitals in the doctor's network High = Levels 2, 3 

 
 142 

3 - And can also safely send data from the EHR 
to hospitals outside the doctor's network 

  
 47 

 

   
450 

  
        

 

 

Control Variables.  We control for various clinic and PCSA level factors that we 

consider to be influential to the delivery of quality health care.  At the clinic level, we 

control for size of clinic by taking the log of the number of diabetes patient records 

reported (D_N) to MNCM.  We control for the scope of services offered with a 

continuous measure indicating the number of clinic level measures reported (REPORT) to 

MNCM.  We control for the proportion of patients covered by Medicare (D_MCARE) to 
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account for clinic level age effects.   At the PCSA level, we control for demographic 

effects with the proportion of the population that is non-white (P_NONWHITE).  We 

further control for the size of the workforce by the proportion of population in the age 

group between 18 and 64 (P_AGE18_64).  Similar individual and community-level 

variables have been argued to influence access of health care services (i.e., Andersen et al 

2002; Davidson et al. 2004; Pagan and Pauly 2006) and quality of care delivery (i.e., 

Devaraj and Kohli 2003; Gittell 2002). 

Figure 3-2:  Resource dependence and IT leveraging competence empirical framework; 

relationship between enabling resources and IT leveraging competence in delivering high 

quality health care. 
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Table 3-4:  Summary and descriptive statistics of variables. 

Variable Description Mean SD Min Max 

      

Dependent Variable      

D_COMPOSITE Proportion of patients at clinic level that received D5 
care 

0.223 0.133 0.000 0.608 

D_RISKADJ Risk adjusted proportion of patients at clinic level 
that received D5 care 

0.223 0.127 0.000 0.572 

      

Independent Variables     

P_POV Proportion of population in PCSA that is below 200% 
poverty level (2005 estimate) 

0.311 0.105 0.089 0.640 

D_GOVNON Proportion of patients at clinic level that received 
diabetes care that are on government assistance 
health insurance or has no insurance 

0.163 0.144 0.000 0.870 

ITINFRA Indicator = 1 if clinic reports a fully installed EHR 0.762 0.426 0.000 1.000 

ITFUNCT Indicator = 1 if clinic reports the use of health IT 
(EHR) for lab and test results, tracking patient health 
problems, tracking doctors' orders, creating 
benchmarks, and reminding patients when they are 
due preventive care 

0.420 0.494 0.000 1.000 

ITEXCH Indicator = 1 if clinic reports the use of health IT for 
electronic prescribing, safely sending data to 
hospitals in provider's network or outside network 

0.533 0.499 0.000 1.000 

ITLEVERAGE Indicator = 1 if clinic reports high IT leveraging 
competence on all three measures ITINFRA = 1 and 
ITFUNCT = 1 and ITEXCH = 1 

0.300 0.459 0.000 1.000 

      

Control Variables      

P_NONWHITE Proportion of population in PCSA that is nonwhite 0.606 0.041 0.510 0.744 

P_AGE18_64 Proportion of population in PCSA that is between 
ages of 18-64 

0.081 0.100 0.009 0.684 

log(D_N) Log of the number of diabetes records reported 5.057 1.038 3.401 7.996 

REPORT Number of quality of care measures reported 2.187 0.722 1.000 3.000 

D_MCARE Proportion of patients at clinic level that received 
diabetes care that are covered by Medicare 

0.318 0.107 0.000 0.720 

            

Note: N = 450, PCSA = 141 

 

3.4.4  Statistical Methods 

Generalized Linear Mixed Model.  Using the ZIP Code for the individual clinics, we 

linked the individual clinics to their respective PCSA.  In order to reduce the potential for 

biased standard errors in estimating effects of the PCSA level on a clinic‟s level delivery 

of quality care, we employ a mixed effects model that distinguishes a PCSA-level 
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residual from the clinic-level one.  The procedure estimates the slopes and two 

components of residual variance (ζ
2
): a residual variance at the clinic level (ζε

2
) and a 

residual variance at the PCSA level (ζv
2
).  Due to the dependent variable being a 

proportion with observations falling between 0 and 1, we employ a binomial logit link 

function by utilizing a generalized linear mixed model (GLMM) to estimate the ODDS 

RATIO for patients receiving high quality care vs. not receiving high quality care.  Rather 

than using a simple proportion as is the case with OLS, logit link functions utilize more 

information (number of success, failures, and trials) in its estimation of the ODDS 

RATIO.  This logit link GLMM modeling approach ensures that the response is bounded 

between 0 and 1 while the functional form remains linear.  Multi-level linear functional 

forms are consistently employed in health care access and disparities research (i.e., 

Andersen et al. 2002; Gittell 2002; Ross and Mirowsky 2008; Sequist et al. 2008).   

Let i denote the PCSAs and let j denote the clinics nested within PCSAs.  We specify 

a GLMM logit link function which converts    , the expected proportion of patients 

receiving high quality care in clinic j given the observed number of successes and 

failures, to linear predictors with a single random effect for PCSA i as follows: 

                                                       (1) 

where X is the vector of regressors at the PCSA level with effects β, Z is the vector of 

regressors at the clinic level with effects  , (XZ) is the vector for interaction between the 

PCSA level and clinic level with   effects, (ZZ) is the vector for interaction at the clinic 
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level with   effects, and    is the random effect for each PCSA.     is assumed to be 

constant across clinics within PCSAs but random across PCSAs and assumed to be 

distributed as N(0, ζv
2
).  The parameter ζv

2
 indicates the variance in the PCSA 

distribution and therefore the degree of heterogeneity between PCSAs.     

We utilize R and the lme4 package to estimate the GLMM models which requires that 

the proportion dependent variable be operationalized as a two column vector of the 

number of “successes” and “failures”.  Interpretation of the coefficients is performed by 

exponentiating the coefficients which provides the effect of the predictor on the ODDS 

RATIO.  In contrast to OLS specification models, goodness-of-fit is not as important as 

statistical significance for logit specifications (Wooldridge 2002, p.465).  Therefore, 

although there is no single equivalent R
2
 measure to evaluate model fit for GLMMs, we 

report the value of the log likelihood function along with McFadden‟s (1974) pseudo R
2
 

statistic for descriptive purposes only.   

3.5  Results and Robustness Checks 

After merging the various data sources, our sample included 450 clinics that provide 

diabetes care in 141 primary care service areas in the state of Minnesota.  A total of 

126,029 patient records where submitted with an estimated 36,215 records meeting the 

D5 requirements.
1
  The continuous predictors where standardized for stability of models 

                                                 
1
 The number of patients meeting the D5 requirements was estimated by taking the product of the number 

of records reported and the proportion of patients identified as meeting the D5 requirements.  The number 

of patients not meeting the D5 requirements due to missing one or more elements according to the D5 was 
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as well as for interpretation and comparison of coefficients.  Whereas coefficients greater 

than zero indicate an increase in the ODDS of delivering high quality care, coefficients 

less than zero indicate a decrease in the ODDS of delivering high quality care.  We 

performed analyzes on both the unadjusted (D_COMPOSITE) as well as the risk-adjusted 

(D_RISKADJ) quality of care measures.  Since the results are consistent for both 

measures, we only report the results for the unadjusted quality measure. 

3.5.1  Full Sample Tests 

Results for full sample partial model analysis are summarized in Table 3-5.  Model (1) 

contains the main effect estimation results for enabling resources and IT leveraging 

competence and their association with the delivery of high quality healthcare.
2
  As 

expected, the coefficient of P_POV is less than zero and significant.  Consistent with 

prior literature, we find that decreasing community enabling resources, as operationalized 

by a greater proportion of the population that is below the 200% poverty level, is 

associated with lower ODDS of delivering high quality care (β = -0.1631, p-value = 

0.008).  If we hold other regressors equal, a standard deviation decrease in community 

enabling resources is associated with a 15.1% (= 1 – e
-0.1631

) decrease in the ODDS of 

delivering high quality care.  This finding provides support for hypothesis 1A.     

Similarly, in support for hypothesis 1B, the coefficient of D_GOVNON is less than zero 

                                                                                                                                                 
estimated by taking the difference between the number of records reported and the estimated number 

patients meeting the D5 requirements. 

  
2
 We used the vif.mer function in R for mixed effects models to check for multicollinearity in the 

independent variables of the GLMM main effects model.  All variance inflation factors were well below 

10, thus alleviating concerns of unstable coefficients.  For further details on the vif.mer function, refer to: 

 (https://hlplab.wordpress.com/2011/02/24/diagnosing-collinearity-in-lme4/) 

https://hlplab.wordpress.com/2011/02/24/diagnosing-collinearity-in-lme4/%29
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and significant.  This finding suggests that decreasing individual enabling resources as 

operationalized by the proportion of patients covered by government assistance health 

care programs or uninsured is associated with lower ODDS of delivering high quality 

care  (γ = -0.3467, p-value < 0.001).  All else being equal, a standard deviation decrease 

in individual enabling resources is associated with a 29.3% (= 1 – e
-0.3467

) decrease in the 

ODDS of delivering high quality care.   

Table 3-5:  Full sample partial model results; Binomial logit GLMM with random 

intercepts for each PCSA; Dependent variable: proportion of patients receiving high 

quality diabetes care; Standard errors for coefficients in parentheses; N = 450, PCSAs = 

141. 

  (1)   (2)   (3)   

Intercept -1.8668 (0.0553) *** -2.0109 (0.0633) *** -1.8701 (0.0569) *** 

log(D_N) 0.1295 (0.0100) *** 0.1244 (0.0102) *** 0.1327 (0.0101) *** 

REPORT 0.2191 (0.0113) *** 0.2177 (0.0113) *** 0.2158 (0.0113) *** 

D_MCARE -0.0908 (0.0131) *** -0.0871 (0.0133) *** -0.0896 (0.0132) *** 

P_AGE18_64 0.0606 (0.0591) 
 

0.0398 (0.0589) 
 

0.0594 (0.0590) 
 P_NONWHITE 0.0947 (0.0574) * 0.0717 (0.0570) 

 
0.0978 (0.0573) * 

P_POV -0.1631 (0.0612) *** -0.2983 (0.0677) *** -0.1606 (0.0611) *** 

D_GOVNON -0.3467 (0.0118) *** -0.3419 (0.0119) *** -0.3564 (0.0450) *** 

ITINFRA 0.2565 (0.0389) *** 0.4896 (0.0614) *** 0.2620 (0.0419) *** 

ITFUNCT 0.0379 (0.0190) ** 0.0392 (0.0263) 
 

0.0368 (0.0192) * 

ITEXCH 0.0410 (0.0205) ** -0.0312 (0.0307) 
 

0.0414 (0.0210) ** 

ITINFRA x P_POV 
   

0.2309 (0.0464) *** 
   ITFUNCT x P_POV 

   
-0.0065 (0.0215) 

    ITEXCH x P_POV 
   

-0.0904 (0.0265) *** 
   ITINFRA x D_GOVNON 

      
0.0984 (0.0505) * 

ITFUNCT x D_GOVNON 
      

-0.0715 (0.0258) *** 

ITEXCH x D_GOVNON 
      

-0.0450 (0.0285) 
 

          Log-likelihood -1596 
  

-1580 
  

-1588 
  Pseudo R

2
 0.4056 

  
0.4115 

  
0.4086 

  

          * p < 0.10, ** p < 0.05, *** p < 0.01. 

 

We plot the quality of care measure vs. the quintiles of the enabling resources 

variables to further illustrate the hypothesized relationships.  Figure 3-3 demonstrates 
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that enabling resources are positively associated with the delivery of high quality care.  

As both the proportion of the population < 200% poverty level and the proportion of 

patients with government assistance or no insurance increase, there is a decreasing trend 

associated with the proportion of patients who receive high quality care. 

Figure 3-3:  Plot of quality care v.s. community and individual enabling resources 

quintiles; line drawn for mean prop of patients receiving high quality diabetes care; N = 

450, PCSAs = 141. 

 

As expected, the coefficients of ITINFRA, ITFUNCT, and ITEXCH are greater than 

zero and significant suggesting that high IT leveraging competence as operationalized by 

a fully installed EHR (γ = 0.2565, p-value < 0.001), high IT functionality utilization (γ = 

0.0379, p-value = 0.046), and high IT inter-organizational information exchange (γ = 

0.0410, p-value = 0.045) is associated with greater ODDS of delivering high quality 

health care.  When the other regressors remain constant, the three measures of high IT 

leveraging competence, ITINFRA, ITFUNCT, and ITEXCH, are associated with a 29.2% 
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(= e
0.2565

 – 1), 3.9% (= e
0.0379

 – 1), and 4.2% (= e
0.0410

 – 1) increase in the ODDS of 

delivering high quality care, respectively.  This finding provides support for hypothesis 

2A. 

Model (2) contains the estimation results for the interaction between community 

enabling resources and IT leveraging competence and its association with the delivery of 

high quality care.  We find partial support for the moderating effect of IT leveraging 

competence on the relationship between enabling resources and the delivery of high 

quality health care.  As expected, the coefficient of the interaction between ITINFRA and 

P_POV is greater than zero and significant suggesting that the effect of leveraging an IT 

infrastructure as operationalized by a fully installed EHR (δ = 0.2309, p-value < 0.001) 

increases as community enabling resources decrease as operationalized by the proportion 

of the population that is below the 200% poverty level.  Holding the other regressors 

constant, a standard deviation increase in P_POV is associated with a 26.0% (= e
0.2309

 – 

1) increase in the ODDS of delivering high quality care due to leveraging an IT 

infrastructure (ITINFRA = 1).   

We find that the coefficient of the interaction between ITFUNCT and P_POV is not 

significant.  Thus, we do not find support for a greater effect of high IT leveraging 

competence as operationalized by high IT functionality utilization (δ = -0.0065, p-value = 

0.762) as community enabling resources decrease.  Contrary to what we expected, we 

find that the coefficient of the interaction between ITEXCH and P_POV is less than zero 
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and significant suggesting that the effect of high IT inter-organizational information 

exchange (δ = -0.0904, p-value < 0.001) decreases as community enabling resources 

decrease as operationalized by the proportion of the population that is below the 200% 

poverty level.  All else being equal, a standard deviation increase in P_POV is associated 

with an 8.6% (= 1 – e
-0.0904

) decrease in the ODDS of delivering high quality care due to 

high IT inter-organizational information exchange (ITEXCH = 1).     

Model (3) contains the estimation results for the interaction between individual 

enabling resources and IT leveraging competence and its association with the delivery of 

high quality care.  Similar to the community enabling resources results, we find that the 

coefficient of the interaction between ITINFRA and D_GOVNON is greater than zero and 

significant, suggesting that the effect of leveraging an IT infrastructure as operationalized 

by a fully installed EHR (δ = 0.0984, p-value = 0.051) increases as individual enabling 

resources decrease as operationalized by the proportion of patients covered by 

government assistance health programs or uninsured.  When the other regressors remain 

constant, a standard deviation decrease in individual enabling resources is associated with 

a 10.3% (= e
0.0984

 – 1) increase in the ODDS of delivering high quality care due to 

leveraging an IT infrastructure (ITINFRA = 1).   

Contrary to what we expected, we find that the coefficient of the interaction between 

ITFUNCT and D_GOVNON is less than zero and significant.  Thus, the effect of high IT 

functionality utilization (δ = -0.0715, p-value = 0.006) decreases as individual enabling 
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resources decreases.  All else being equal, a standard deviation decrease in individual 

enabling resources is associated with a 6.9% (= 1 – e
-0.0715

) decrease in the ODDS of 

delivering high quality care due to leveraging high IT functionality utilization (ITFUNCT 

= 1).  We find that the coefficient of the interaction between ITEXCH and D_GOVNON is 

not significant.  Thus, we do not find support for a greater effect of high IT inter-

organizational information exchange (δ = -0.0450, p-value = 0.115) as individual 

enabling resources decrease.  In summary of the partial model analysis, we find partial 

support for hypotheses 2B and 2C which hypothesizes a greater positive effect of IT 

leveraging competence on the delivery of high quality health care at low levels of 

enabling resources compared to high levels of enabling resources. 

Although, a priori, we did not hypothesize an interaction between community and 

individual enabling resources, such a relationship is possible due to “tacit interaction”.
3
  

Model (4) contains the full model estimation results including the interaction between 

community and individual enabling resources (Table 3-6).
4
  We also graph the two-way 

interaction between the three measures of IT leveraging competence (ITINFRA, 

ITFUNCT, ITEXCH) and the two measures of enabling resources (P_POV, D_GOVNON) 

where the left hand side are the interactions with P_POV and the right hand side 

                                                 
3
 The inclusion of the IT Leveraging Competence variables in the interaction terms between community 

and individual enabling resources creates a “tacit interaction” between the enabling resources variables.  

The misinterpretation and bias of the coefficients is reduced by including the interaction between 

community and individual enabling resources in the full model (Braumoeller 2004). 

 
4
 The multicollinearity diagnostics showed that the interaction between ITINFRA and D_GOVNON was of 

concern in the partial and full models (variance inflation factor greater than 10).  We re-coded ITINFRA as 

a 0 to 3 continuous variable and re-ran the analysis.  Although the magnitudes of the coefficients were 

impacted, the direction and significance of the coefficients were consistent.  
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correspond to interactions with D_GOVNON to examine the relationship between IT 

leveraging competence and enabling resources (see Figure 3-4). 

Consistent with the partial models, results for the full model show that the effect of 

ITINFRA (δ = 0.2320, p-value < 0.001) on the ODDS of delivering high quality care 

significantly increases as P_POV increases, providing support for hypotheses 2B.  

Consistent with the partial models and counter to what we expected, the effects of 

ITFUNCT (δ = -0.0597, p-value = 0.038) and ITEXCH (δ = -0.0889, p-value = 0.001) 

significantly decrease as D_GOVNON and P_POV increase, respectively.  Although the 

results of the fully specified model (i.e., Model (4)) are consistent with the partial models, 

we also find support for the “tacit interaction” between community and individual 

enabling resources when including the interaction between IT leveraging competence and 

both community and individual enabling resources.  In particular, the coefficient of the 

interaction between P_POV and D_GOVNON is less than zero and significant (δ = -

0.0704, p-value < 0.001), suggesting that the ODDS of delivering high quality care 

decreases further at lower levels of both community and individual enabling resources.  

Therefore, in addition to the „tacit interaction‟, we again find partial support for 

hypotheses 2B and 2C which hypothesizes that the effect of high IT leveraging 

competence on the delivery of high quality health care should increase with lower levels 

of enabling resources. 
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Figure 3-4: Interaction plots between IT leveraging competence and 

enabling resources; dotted line corresponds to high IT leveraging 

competence; N = 450, PCSA = 141. 
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Table 3-6:  Full sample full model results; 

Binomial logit GLMM with random 

intercepts for each PCSA; Dependent 

variable: proportion of patients receiving 

high quality diabetes care; Standard errors 

for coefficients in parentheses; N=450, 

PCSA=141. 

  (4)   

Intercept -1.9961 (0.0636) *** 

log(D_N) 0.1280 (0.0104) *** 

REPORT 0.2123 (0.0114) *** 

D_MCARE -0.0740 (0.0134) *** 

P_AGE18_64 0.0383 (0.0587) 
 P_NONWHITE 0.1230 (0.0572) ** 

P_POV -0.3181 (0.0681) *** 

D_GOVNON -0.3341 (0.0453) *** 

ITINFRA 0.4729 (0.0619) *** 

ITFUNCT 0.0545 (0.0268) ** 

ITEXCH -0.0166 (0.0308) 
 ITINFRA x P_POV 0.2320 (0.0480) *** 

ITFUNCT x P_POV 0.0088 (0.0232) 
 ITEXCH x P_POV -0.0889 (0.0275) *** 

ITINFRA x D_GOVNON 0.0176 (0.0510) 
 ITFUNCT x D_GOVNON -0.0597 (0.0288) ** 

ITEXCH x D_GOVNON 0.0237 (0.0304) 
 P_POV x D_GOVNON -0.0704 (0.0091) *** 

    Log-likelihood -1541 
  Pseudo R

2
 0.4261 

  

 
      

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

3.5.2  Split Sample Tests 

Similar to Argote (1982) and Ray et al. (2005), we performed subgroup analyses by 

splitting the sample into low and high enabling resource groups at the 50 percentiles.  

These analyses first split the sample into groups of clinics below and above the 50 

percentiles of enabling resources and then show the relationships between IT leveraging 

and the delivery of quality health care.  Such analyses are useful given the lack of 
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information about the exact functional form of the underlying relationship among IT 

leveraging, enabling resources, and quality care.  Given the operationalization for both 

the community (P_POV) and individual (D_GOVNON) enabling resources variables, the 

high enabling resources group corresponds to the lower 50 percentile and the low 

enabling resources group corresponds to the upper 50 percentile.  We test the difference 

between IT leveraging competence coefficients for the GLMM models for the different 

enabling resources groups using a Wald chi-square test statistic with one degree of 

freedom as described by Allison (1999) 

        
  

         

                     
    (3) 

where bL is the IT leveraging competence coefficient for the low enabling resources 

group, bH is the IT leveraging competence coefficient for the high enabling resources 

group, and SE(bL) and SE(bH) are the estimated standard errors for the respective 

coefficients. 

Table 3-7 summarizes the split sample analyses for the community enabling 

resources percentile groups.  Models (5) and (6) contain the community enabling 

resources split sample estimation results for the association between IT leveraging 

competence and the delivery of high quality care.  While Model (5) corresponds to the 

low community enabling resources group, Model (6) corresponds to the high community 

enabling resources group.  As expected, for the community enabling resources groups we 
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find that the coefficient of ITINFRA is greater than zero and significant in both groups, 

and larger in magnitude in the low community enabling resources group.  These results 

suggest that leveraging an IT infrastructure as operationalized by a fully installed EHR is 

associated with greater ODDS of delivering high quality care in the low community 

enabling resources group (γ = 0.3590, p-value = 0.003) as compared to the high 

community enabling resources group (γ = 0.2211, p-value < 0.001).  Whereas high IT 

infrastructure leveraging (ITINFRA = 1) is associated with a 43.2% (= e
0.3590

 – 1) increase 

in the ODDS of delivering high quality care for the low community enabling resources 

group, high IT infrastructure leveraging (ITINFRA = 1) is associated with a 24.7% (= 

e
0.2211

 – 1) increase in the ODDS of delivering high quality care for the high community 

enabling resources group, holding all other regressors constant.  Although there is an 

apparent difference in the effect of ITINFRA between the two groups, the Wald chi-

square test does not support the difference (χ
2
 = 1.1609, p-value = 0.281). 

Consistent with hypothesis 2B, we find that the coefficient of ITEXCH is greater than 

zero and significant for the low community enabling resources group and not significant 

for the high community enabling resources group, suggesting that IT leveraging 

competence as operationalized by high IT inter-organizational information exchange is 

associated with greater ODDS of delivering high quality care in the low community 

enabling resources group (γ = 0.2107, p-value = 0.001) as compared to the high 

community enabling resources group (γ = 0.0337, p-value = 0.123).  Holding the other 

regressors constant, high IT functionality utilization (ITEXCH = 1) is associated with a 
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23.5% (= e
0.2107

 – 1) increase in the ODDS of delivering high quality care for the low 

community enabling resources group and not significantly associated with an increase in 

the ODDS of delivering high quality care for the high community enabling resources 

group.  In support of the suggested difference of the effect of ITEXCH between groups, 

the Wald chi-square test is significant (χ
2
 = 6.8535, p-value < 0.001).        

Table 3-7:  Split sample results by community enabling resources; 

Binomial logit GLMM with random intercepts for each PCSA; Dependent 

variable: proportion of patients receiving high quality diabetes care; 

Standard errors for coefficients in parentheses; Model (5) corresponds to 

the low community enabling resources group; Model (6) corresponds to 

the high community enabling resources group. 

  (5)   (6)   
2
   

Intercept -2.0561 (0.1081) *** -1.7030 (0.0907) *** 6.2642 ** 

log(D_N) 0.0846 (0.0335) ** 0.1492 (0.0108) *** 3.3702 * 

REPORT 0.1272 (0.0330) *** 0.2374 (0.0125) *** 9.7750 ** 

D_MCARE -0.2075 (0.0295) *** -0.0636 (0.0148) *** 18.9787 *** 

P_AGE18_64 0.0511 (0.0659) 
 

0.1375 (0.1028) 
 

0.5010 
 P_NONWHITE 0.0323 (0.0548) 

 
0.2311 (0.1408) 

 
1.7312 

 P_POV 
        D_GOVNON -0.4590 (0.0207) *** -0.2870 (0.0152) *** 44.7741 *** 

ITINFRA 0.3590 (0.1211) *** 0.2211 (0.0414) *** 1.1609 
 ITFUNCT -0.0451 (0.0587) 

 
0.0550 (0.0201) *** 2.6027 

 ITEXCH 0.2107 (0.0640) *** 0.0337 (0.0218) 
 

6.8535 *** 

         n 143 
  

307 
    PCSA 70 

  
71 

    Log-likelihood -326.2 
  

-1225.0 
    Pseudo R

2
 0.54 

  
0.38 

    

         * p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Counter to what we expected, we find that the coefficient of ITFUNCT is greater than 

zero and significant for the high community enabling resources group and not significant 

in for the low community enabling resources group, thus suggesting that IT leveraging 

competence as operationalized by high IT functionality utilization is associated with 
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greater ODDS of delivering high quality care in the high community enabling resources 

group (γ = 0.0550, p-value = 0.006) as compared to the low community enabling 

resources group (γ = -0.0451, p-value = 0.442).  All else being equal, high IT 

functionality utilization (ITFUNCT = 1) is associated with a 5.7% (= e
0.0550

 – 1) increase 

in the ODDS of delivering high quality care for the high community enabling resources 

group, and not significantly associated with the ODDS of delivering high quality care for 

the low community enabling resources group.  Similar to the coefficient for ITINFRA, 

although there is an apparent difference in the effect of ITFUNCT between the two 

groups, the Wald chi-square test does not support the difference (χ
2
 = 2.6027, p-value = 

0.107).  These results further provide partial support for hypothesis 2B which 

hypothesizes that IT leveraging competence is associated with greater ODDS of 

delivering high quality health care in the low community enabling resources group as 

compared to the high community enabling resources group.   

The split sample analyses for the individual enabling resources percentile groups are 

provided in Table 3-8.  Models (7) and (8) contain the individual enabling resources split 

sample estimation results for the association between IT leveraging competence and the 

delivery of high quality care.  Model (7) corresponds to the low community enabling 

resources group and Model (8) corresponds to the high community enabling resources 

group.  As expected and consistent with the full sample resutls, we find that the 

coefficients of ITINFRA are greater than zero and significant for both groups and larger 

in magnitude in the low individual enabling resources group.  Therefore, the results 
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suggest that leveraging an IT infrastructure as operationalized by full EHR adoption is 

associated with greater ODDS of delivering high quality care in the low individual 

enabling resources group (γ = 0.6422, p-value < 0.001) as compared to the high 

individual enabling resources group (γ = 0.1970, p-value < 0.001).  Thus, high IT 

infrastructure leveraging (ITINFRA = 1) is associated with a 90.1% (= e
0.6422

 – 1) increase 

in the ODDS of delivering high quality care for the low individual enabling resources 

group and 21.8% (= e
0.1970

 – 1) increase in the ODDS of delivering high quality care for 

the high individual enabling resources group, holding all other regressors constant.  In 

support of the suggested difference of the effect of ITINFRA between groups, the Wald 

chi-square test is significant (χ
2
 = 22.2698, p-value < 0.001). 

We also find that coefficient of ITFUNCT are greater than zero and significant for the 

low individual enabling resources group and not significant for the high individual 

enabling resources group.  Consistent with what we expected, IT leveraging competence 

as operationalized by high IT functionality utilization is associated with greater ODDS of 

delivering high quality care in the low individual resources group (γ = 0.0844, p-value = 

0.002) and not associated with greater ODDS of delivering high quality care in the high 

individual resources group (γ = 0.0321, p-value = 0.264).  Therefore, high IT 

functionality utilization (ITFUNCT = 1) is associated with a 8.8% (= e
0.0844

 – 1) increase 

in the ODDS of delivering high quality care for the low individual enabling resources 

group, and not significantly associated with the ODDS of delivering high quality care for 

the high community enabling resources group, holding all other regressors constant.  
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Although there is an apparent difference in the effect of ITFUNCT between the two 

groups, the Wald chi-square test does not support the difference (χ
2
 = 1.7074, p-value = 

0.191).      

Table 3-8:  Split sample results by individual enabling resources; 

Binomial logit GLMM with random intercepts for each PCSA; Dependent 

variable: proportion of patients receiving high quality diabetes care; 

Standard errors for coefficients in parentheses; Model (7) corresponds to 

the low individual enabling resources group; Model (8) corresponds to the 

high individual enabling resources group.       

  (7)   (8)   
2
   

Intercept -2.1738 (0.0876) *** -1.6780 (0.0853) *** 16.4410 *** 

log(D_N) 0.0062 (0.0180) 
 

0.1827 (0.0146) *** 57.9731 *** 

REPORT 0.3122 (0.0235) *** 0.2577 (0.0154) *** 3.7686 * 

D_MCARE -0.0375 (0.0216) * -0.0165 (0.0174) 
 

0.5759 
 P_AGE18_64 0.0656 (0.0700) 

 
0.0572 (0.0955) 

 
0.0050 

 P_NONWHITE -0.0280 (0.0662) 
 

0.1015 (0.1040) 
 

1.1041 
 P_POV -0.2140 (0.0745) *** -0.0868 (0.0860) 

 
1.2498 

 D_GOVNON 
        ITINFRA 0.6422 (0.0809) *** 0.1970 (0.0485) *** 22.2698 *** 

ITFUNCT 0.0844 (0.0277) *** 0.0321 (0.0288) 
 

1.7074 
 ITEXCH -0.0302 (0.0325) 

 
0.0621 (0.0313) ** 4.1846 ** 

         n 224 
  

226 
    PCSA 98 

  
81 

    Log-likelihood -1171.0 
  

-695.3 
    Pseudo R

2
 0.1907 

  
0.3538 

    

         * p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Counter to what we expected, we find that the coefficient of ITEXCH is greater than 

zero and significant for the high individual enabling resources group and not significant 

in for the low individual enabling resources group.  This result suggests that IT 

leveraging competence as operationalized by high IT inter-organizational information 

exchange is associated with greater ODDS of delivering high quality care in the high 

individual enabling resources group (γ = 0.0621, p-value = 0.048) and not in the low 
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individual resources group (γ = -0.0302, p-value = 0.352).  High IT inter-organizational 

information exchange (ITEXCH = 1) is therefore associated with a 6.4% (= e
0.0621

 – 1) 

increase in the ODDS of delivering high quality care for the high individual enabling 

resources group, and not significantly associated with the ODDS of delivering high 

quality care for the low individual enabling resources group, holding all other regressors 

constant.  In support of the suggested difference of the effect of ITINFRA between 

groups, the Wald chi-square test is significant (χ
2
 = 4.1846, p-value = 0.041).       

These results further provide partial support for hypothesis 2C which hypothesizes 

that IT leveraging competence is associated with greater ODDS of delivering high quality 

health care in the low individual enabling resources group as compared to the high 

individual resources group.   

3.5.3  Propensity Score Matching Tests 

We follow Ho et al. (2007) to preprocess the sample with matching methods so that the 

treated group is as similar as possible to the control group.  This form of matching is 

argued to be useful in reducing model dependence and bias by improving the degree to 

which the treatment and control covariate distributions resemble each other.  The 

matching procedure involves two main steps: (1) obtain a preprocessed sample by 

estimating the propensity score using logistic regression of the treatment on the 

covariates (Equation (4)) and (2) use the same parametric analysis ( Equation (1)) on the 

preprocessed sample as was used on the original full sample prior to preprocessing.  We 

used the optimal method in the MatchIt package in R to obtain a preprocessed sample by 



 

   

79 

 

estimating the propensity for the high IT leveraging competence treatment 

(ITLEVERAGE = 1) given the clinic and community level covariates resulting in a 

preprocessed sample of 270 clinics; 135 clinics in the treatment group of 135 clinics and 

135 clinics in the control group. 

In contrast to Equation (1), the MatchIt package does not allow for the inclusion of 

random effects in the propensity model.  Therefore, Equation (1) is simplified to the 

following generalized linear model (GLM).  Let i denote the PCSAs and let j denote the 

clinics nested within PCSAs.  We specify a GLM logit link function which converts    , 

the expected probability that clinic j will receive the high IT leveraging competence 

treatment (ITLEVERAGE = 1), to linear predictors for clinic j and for PCSA i as follows: 

                                        (4) 

where X is the vector of regressors at the PCSA level with main effects β, and Z is the 

vector of regressors at the clinic level with main effects  .       

Results of the analyses on the preprocessed sample are summarized in Table 3-9.  

Model (1P) contains the propensity score matching main effect estimation results for 

enabling resources and IT leveraging competence and their association with the delivery 

of high quality health care.  We find that the coefficient of P_POV is less than zero and 

significant (β = -0.1140, p-value = 0.068).  This result suggests that decreasing the level 

of community enabling resources as operationalized by the proportion of the population 



 

   

80 

 

that is below the 200% poverty level is associated with a decrease in the ODDS of 

delivering high quality care.  Thus, if we hold other regressors equal, a standard deviation 

decrease in community enabling resources is associated with a 10.8% (= 1 – e
-0.1140

) 

decrease in the ODDS of delivering high quality care.  This finding provides support for 

hypothesis 1A.  In support for hypothesis 1B, the coefficient of D_GOVNON is less than 

zero and significant (γ = -0.3546, p-value < 0.001).   

Table 3-9:  Matched sample partial model results by propensity for high IT leveraging 

competence (ITLEVERAGE = 1); Binomial logit GLMM results with random intercepts 

for each PCSA; Dependent variable: proportion of patients receiving high quality 

diabetes care; Standard errors for coefficients in parentheses; N=270, PCSA=80. 

  (1P)   (2P)   (3P)   

Intercept -1.7705 (0.0738) *** -2.2609 (0.1082) *** -1.9164 (0.0880) *** 

log(D_N) 0.1479 (0.0128) *** 0.1383 (0.0129) *** 0.1447 (0.0131) *** 

REPORT 0.2570 (0.0188) *** 0.2485 (0.0188) *** 0.2538 (0.0188) *** 

D_MCARE -0.0721 (0.0159) *** -0.0701 (0.0161) *** -0.0747 (0.0159) *** 

P_AGE18_64 0.0718 (0.0674) 
 

0.0289 (0.0687) 
 

0.0681 (0.0683) 
 P_NONWHITE 0.0702 (0.0639) 

 
0.0432 (0.0650) 

 
0.0720 (0.0649) 

 P_POV -0.1140 (0.0625) * -0.4606 (0.0830) *** -0.1001 (0.0634) 
 D_GOVNON -0.3546 (0.0129) *** -0.3493 (0.0130) *** -0.7553 (0.1211) *** 

ITINFRA 0.1374 (0.0515) *** 0.7758 (0.1131) *** 0.2938 (0.0726) *** 

ITFUNCT 0.0466 (0.0202) ** 0.0759 (0.0298) ** 0.0383 (0.0205) * 

ITEXCH 0.0584 (0.0228) ** -0.0150 (0.0378) 
 

0.0654 (0.0234) *** 

ITINFRA x P_POV 
   

0.4346 (0.0708) *** 
   ITFUNCT x P_POV 

   
0.0264 (0.0238) 

    ITEXCH x P_POV 
   

-0.0744 (0.0316) ** 
   ITINFRA x D_GOVNON 

      
0.5181 (0.1236) *** 

ITFUNCT x D_GOVNON 
      

-0.1302 (0.0273) *** 

ITEXCH x D_GOVNON 
      

-0.0155 (0.0319) 
 

          Log-likelihood -1061.0 
  

-1035.0 
  

-1039.0 
  Pseudo R

2
 0.4419 

  
0.4555 

  
0.4534 

  

         
  

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Similarly to the community enabling resources results, decreasing the level of 

individual enabling resources as operationalized by the proportion of patients covered by 
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government assistance health care programs or uninsured is associated with decreasing 

the ODDS of delivering high quality care.  A standard deviation decrease in individual 

enabling resources is associated with a 29.9% (= 1 – e
-0.3546

) decrease in the ODDS of 

delivering high quality care, holding all other regressors constant.  As expected, the 

coefficients of ITINFRA, ITFUNCT, and ITEXCH are greater than zero and significant, 

suggesting that IT leveraging competence as operationalized by a fully installed EHR (γ = 

0.1374, p-value = 0.008), high IT functionality utilization (γ = 0.0466, p-value = 0.021), 

and high IT inter-organizational information exchange (γ = 0.0584, p-value = 0.011) is 

associated with increasing the ODDS of delivering high quality care.  All else being 

equal, ITINFRA, ITFUNCT, and ITEXCH are associated with a 14.7% (= e
0.1374

 – 1), 

4.8% (= e
0.0466 

– 1), and 6.0% (= e
0.0584

 – 1) increase in the ODDS of delivering high 

quality care, respectively.  These findings provide partial support for hypothesis 2A.       

Models (2P) and (3P) contain the propensity score matching estimation results for the 

interaction between enabling resources and IT leveraging competence and its association 

with the delivery of high quality care.  As expected, the coefficient of the interaction 

between ITINFRA and P_POV is greater than zero and significant  (δ = 0.4346, p-value < 

0.001), suggesting that the effect of leveraging an IT infrastructure as operationalized by 

having a fully installed EHR increases as community enabling resources decrease as 

operationalized by the proportion of the population that is below the 200% poverty level.  

Holding the other regressors constant, a standard deviation decrease in community 

enabling resources is associated with a 54.4% (= e
0.4346

 – 1) increase in the ODDS of 
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delivering high quality care due to leveraging an IT infrastructure (ITINFRA = 1).  

Similar to the community enabling resources results, we find that the coefficient of the 

interaction between ITINFRA and D_GOVNON is greater than zero and significant (δ = 

0.5181, p-value < 0.001).  Thus, the effect of leveraging an IT infrastructure increases as 

individual enabling resources decrease as operationalized by the proportion of patients 

covered by government assistance health programs or uninsured. When the other 

regressors remain constant, a standard deviation decrease in individual enabling resources 

is associated with a 67.9% (= e
0.5181

 – 1) increase in the ODDS of delivering high quality 

care due to leveraging an IT infrastructure (ITINFRA = 1).   

Counter to what we expected, we find that the coefficient of the interaction between 

ITEXCH and P_POV is less than zero and significant (δ = -0.0744, p-value = 0.018), 

suggesting that the effect of high IT leveraging competence as operationalized by high IT 

inter-organizational information exchange decreases as community enabling resources 

decrease.  A standard deviation decrease in community enabling resources is therefore 

associated with a 7.2% (= 1 – e
-0.0744

) decrease in the ODDS of delivering high quality 

care due to high IT inter-organizational information exchange (ITEXCH = 1), holding all 

other regressors constant.  Consistent with the previous result and counter to what we 

expected we also find that the coefficient of the interaction between ITFUNCT and 

D_GOVNON is less than zero and significant (δ = -0.1302, p-value < 0.001), suggesting 

that the effect of high IT leveraging competence as operationalized by high IT 

functionality utilization decreases as individual enabling resources decrease.  All else 



 

   

83 

 

being equal, a standard deviation decrease in individual enabling resources is associated 

with a 12.2% (= 1 – e
-0.1302

) decrease in the ODDS of delivering high quality care due to 

leveraging high IT functionality utilization (ITFUNCT = 1).  We find that the coefficients 

of the interactions between ITFUNCT and P_POV and between ITEXCH and 

D_GOVNON are not significant (δ = 0.0264, p-value = 0.268).  Consequently, we do not 

find support for a greater effect of high IT leveraging competence as operationalized by 

high IT functionality utilization  as community enabling resources decrease or high IT 

inter-organizational information exchange as individual enabling resources decrease (δ = 

-0.0155, p-value = 0.628).  Thus, we find partial support for hypotheses 2B and 2C which 

hypothesizes that the effect of high IT leveraging competence on the delivery of high 

quality health care should increase with lower levels of enabling resources.   

Model (4P) contains the propensity score matching estimation results for the full 

model including the interaction between the community and individual enabling 

resources (Table 3-10).
5
  We also graph the two-way interaction between the three 

measures of IT leveraging competence (ITINFRA, ITFUNCT, ITEXCH) and the two 

measures of enabling resources (P_POV, D_GOVNON) (see Figure 3-5).  Consistent 

with the partial models, results for the propensity score full model show that the effect of 

ITINFRA on the ODDS of delivering high quality care significantly increases as both 

P_POV (δ = 0.3770, p-value < 0.001) and D_GOVNON (δ = 0.3088, p-value = 0.010) 

                                                 
5
 The multicollinearity diagnostics showed that the interaction between ITINFRA and D_GOVNON was of 

concern in the partial and full models (variance inflation factor greater than 10).  We re-coded ITINFRA as 

a 0 to 3 continuous variable and re-ran the analysis.  Although the magnitudes of the coefficients were 

impacted, the direction and significance of the coefficients were consistent.  
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increase, providing support for hypotheses 2B and 2C.  Although the effects were not 

significant in the partial models, we find that the effect of ITFUNCT (δ = 0.0734, p-value 

= 0.005) significantly increases as P_POV increases and the effect of ITEXCH (δ = 

0.0810, p-value = 0.020) significantly increases as D_GOVNON increases, providing 

support for hypotheses 2B and 2C. 

Table 3-10: Matched sample full model 

results by propensity for high IT leveraging 

competence (ITLEVERAGE = 1); Binomial 

logit GLMM results with random intercepts 

for each PCSA; Dependent variable: 

proportion of patients receiving high quality 

diabetes care; Standard errors for coefficients 

in parentheses; N=270, PCSA=80.   

  (4P)   

Intercept -2.2945 (0.1106) *** 

log(D_N) 0.1386 (0.0132) *** 

REPORT 0.2365 (0.0189) *** 

D_MCARE -0.0556 (0.0162) *** 

P_AGE18_64 0.0236 (0.0690) 
 P_NONWHITE 0.1179 (0.0661) * 

P_POV -0.4583 (0.0869) *** 

D_GOVNON -0.5242 (0.1141) *** 

ITINFRA 0.7718 (0.1158) *** 

ITFUNCT 0.1074 (0.0305) *** 

ITEXCH 0.0012 (0.0381) 
 ITINFRA x P_POV 0.3811 (0.0762) *** 

ITFUNCT x P_POV 0.0734 (0.0259) *** 

ITEXCH x P_POV -0.0857 (0.0333) ** 

ITINFRA x D_GOVNON 0.2315 (0.1174) ** 

ITFUNCT x D_GOVNON -0.1532 (0.0310) *** 

ITEXCH x D_GOVNON 0.0810 (0.0348) ** 

P_POV x D_GOVNON -0.0693 (0.0095) *** 

    Log-likelihood -985.1 
  Pseudo R

2
 0.4818 

  

    * p < 0.10, ** p < 0.05, *** p < 0.01. 
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Figure 3-5: Propensity score matching interaction plots between IT 

leveraging competence and enabling resources; dotted line corresponds to 

high IT leveraging competence; N = 270, PCSA = 85. 
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  Consistent with the partial models and counter to what we expected, the effects of 

ITFUNCT (δ = -0.1588, p-value < 0.001) and ITEXCH (δ = -0.0853, p-value = 0.010) 

significantly decrease as D_GOVNON and P_POV increase, respectively.  Consistent 

with the full sample results, we also find support for the “tacit interaction” between 

community and individual enabling resources when including the interaction between IT 

leveraging competence and both community and individual enabling resources.  The 

coefficient of the interaction between P_POV and D_GOVNON is less than zero and 

significant (δ = -0.0693, p-value < 0.001), again suggesting that the ODDS of delivering 

high quality care decreases further at lower levels of both community and individual 

enabling resources.  Therefore, in addition to the „tacit interaction‟, we again find partial 

support for hypotheses 2B and 2C which hypothesizes that the effect of high IT 

leveraging competence on the delivery of high quality health care should increase with 

lower levels of enabling resources.   

3.5.4  Two-Stage Parametric Bootstrapping Tests 

The previous analyses do not disentangle the effects of IT leveraging selection and 

behavioral health outcomes.  In order to determine if and to what extent health care 

organizations provide higher quality care even when we control for selective IT 

leveraging, additional analysis is needed.  To address the potential endogeneity of IT 

leveraging competence, we use an instrumental variable (IV) technique.  For the first 

stage, we specify a GLMM logit link function which converts    , the expected 

probability that we observe clinic j with the high IT leveraging competence treatment 
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(ITLEVERAGE = 1), to linear exogenous predictors including a single random effect for 

PCSA i.  We then use the predicted value from the first stage (           ) for 

ITLEVERAGE in Equation (1), the equation of primary interest.  Such Instrumental 

Variable (IV) estimation techniques require at least one additional explanatory variable 

that influences the first stage but not the second stage, often referred to as the exclusion 

restriction requirement.  In order to account for the potential of bias and erroneous 

standard error estimates in the second stage, we perform 1,999 bootstrap replicates using 

parametric bootstrapping from the package boot to obtain the standard errors and 

respective confidence intervals for the second stage coefficients.  Bootstrapping allows us 

to perform statistical inference based on the empirical sampling distributions for the 

GLMM coefficients by re-sampling from the data at hand.  The second stage 

specification is as follows:    

                                                                    (3) 

with main effects     and    , and interaction effects     and    , with vi as the random 

effect for each PCSA.    

Considering prior literature, we expect that larger organizations as well as those with 

greater incentive and external pressure would be more likely to have higher levels of IT 

leveraging competence (Angst et al. 2010; Chwelos et al. 2001; Iacovou et al. 1995; 

Kazley and Ozcan 2007; Miller and Tucker 2009). Smaller organizations are traditionally 

considered as having fewer resources necessary for IT investments and therefore leading 
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to lower levels of organizational readiness and perceived benefits of IT leveraging 

competence.  On the other hand, influence from external pressure has also been shown to 

lead to increasing IT leveraging competence. External pressure refers to influences that 

arise from the external environment which an organization must contend with (Iacovau et 

al. 1995). Such influences include competitive pressure as well as trading partner power 

both of which have been argued to be main sources of external pressure influencing the 

adoption of information technology decision (Iacovau et al. 1995; Chwelos et al. 2001). 

As other organizations leverage information technology, so does the competitive 

environment surrounding the organization. We expect that, beyond organizational size, 

the external pressure from the IT competitive environment will have a positive influence 

on the decision for high IT leveraging competence.  We include the variable ITCOMP in 

the first stage GLMM model but exclude it from the second stage. For each clinic, 

ITCOMP is defined as the proportion of other clinics in the county where the clinic is 

operating in that are observed to have high IT leveraging competence (ITLEVERAGE = 

1), namely high IT infrastructure (ITINFRA = 1), high IT functionality utilization 

(ITFUNCT = 1), and high IT inter-organizational information exchange (ITEXCH = 1). 

The IT competitive environment on the decision to leverage IT should not directly 

influence the quality of care that is delivered at any specific clinic except through their 

decision to leverage IT.  The first stage specification is as follows: 

                                                  (4) 
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where     is the expected probability that we observe clinic j with the high IT leveraging 

competence treatment (ITLEVERAGE = 1), X is the vector of regressors at the PCSA 

level with main effects β, and Z is the vector of regressors at the clinic level with main 

effects  , ITCOMP is the instrumental variable with main effect ρ, and vi is the random 

effect for each PCSA.  Results for the second stage parametric bootstrapping analyses are 

summarized in Table 3-11. 

Table 3-11: Second stage partial model results of two-stage parametric bootstrapping 

analyses for effect of high IT leveraging competence instrumented variable 

(ITLEVERAGE*); Binomial logit GLMM results with random intercepts for each PCSA; 

Dependent variable: proportion of patients receiving high quality diabetes care; 

Significance based on bootstrap confidence intervals; N = 447, PCSAs = 139. 

  (1B)   (2B)   (3B)   

Intercept -1.6368 (0.0281) *** -1.6999 (0.0283) *** -1.6358 (0.0270) *** 

log(D_N) 0.1267 (0.0171) *** 0.1567 (0.0174) *** 0.1459 (0.0168) *** 

REPORT 0.2157 (0.0319) *** 0.2318 (0.0321) *** 0.2350 (0.0309) *** 

D_MCARE -0.1397 (0.0308) *** -0.1176 (0.0304) *** -0.1134 (0.0305) *** 

P_AGE18_64 0.0712 (0.0259) *** 0.1163 (0.0265) *** 0.0746 (0.0256) *** 

P_NONWHITE 0.0860 (0.0263) *** 0.1276 (0.0255) *** 0.0985 (0.0261) *** 

P_POV -0.1511 (0.0234) *** -0.1514 (0.0225) *** -0.1555 (0.0224) *** 

D_GOVNON -0.3571 (0.0142) *** -0.3447 (0.0143) *** -0.2623 (0.0165) *** 

ITLEVERAGE* 0.0588 (0.0456) 
 

-0.0614 (0.0464) 
 

0.0238 (0.0442) *** 

ITLEVERAGE* x P_POV 
   

-0.1006 (0.0089) *** 
   ITLEVERAGE* x D_GOVNON 

      
-0.0854 (0.0082) *** 

P_POV x D_GOVNON 
                             

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Model (1B) contains the second stage main effect IV estimation results for enabling 

resources and the high IT leveraging competence instrumented variable (ITLEVERAGE*) 

and their association with the delivery of high quality health care.
6
  Consistent with the 

                                                 
6
 We use the notation of ITLEVERAGE* to distinguish the instrumented variable in the second stage from 

the original ITLEVERAGE variable. 



 

   

90 

 

propensity score matching analyses, we find that the coefficient of P_POV is less than 

zero and significant (    = -0.1511, 99% CI = [-0.2084, -0.0857]).  This result suggests 

that decreasing the level of community enabling resources as operationalized by the 

proportion of the population that is below the 200% poverty level is associated with 

lower ODDS of delivering high quality care.  If we hold other regressors equal, a 

standard deviation decrease in community enabling resources is associated with a 14.0% 

(= 1 – e
-0.1510

) decrease in the ODDS of delivering high quality care.  This finding 

provides support for hypothesis 1A.  In support for hypothesis 1B, the coefficient of 

D_GOVNON is less than zero and significant (    = -0.3570, 99% CI = [-0.3903, -

0.3185]). Similarly to the community enabling resources results, decreasing the level of 

individual enabling resources as operationalized by the proportion of patients covered by 

government assistance health care programs or uninsured is associated with lower ODDS 

of delivering high quality care. A standard deviation decrease in individual enabling 

resources is associated with a 30.03% (= 1 – e
-0.3570

) decrease in the ODDS of delivering 

high quality care, holding all other regressors constant.  Although the coefficient of 

ITLEVERAGE* is not significant (    = 0.0588, 90% CI = [-0.0344, 0.1161]), the sign is 

greater than zero as expected.  

Models (2B) and (3B) contain the second stage IV estimation results for the 

interaction between enabling resources and the high IT leveraging competence 

instrumented variable and its association with the delivery of high quality care.  The 

coefficient of the interaction between ITLEVERAGE* and P_POV is less than zero and 
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significant (    = -0.1006, 99% CI = [-0.1201, -0.0748]), suggesting that the effect of the 

high IT leveraging competence as operationalized by a fully installed EHR (ITINFRA = 

1), high IT functionality utilization (ITFUNCT = 1), and high IT inter-organizational 

information exchange (ITEXCH = 1) decreases as community enabling resources 

decrease as operationalized by the proportion of the population in the PCSA that is below 

200% poverty level.  A standard deviation decrease in community enabling resources is 

therefore associated with a 9.6% (= 1 –   e
-0.1006

) decrease in the ODDS of delivering high 

quality care due to a standard deviation increase in ITLEVERAGE*, holding all other 

regressors constant. Consistent with the community enabling results, we find that the 

coefficient of the interaction between ITLEVERAGE*  and D_GOVNON is less than zero 

and significant (    = -0.0854, 99% CI = [-0.1063, -0.0640]), suggesting that the effect of 

the high IT leveraging competence decreases as individual enabling resources decrease as 

operationalized by the proportion of patients covered by government assistance health 

programs or uninsured.  All else being equal, a standard deviation decrease in individual 

enabling resources is associated with a 8.2% (= 1 –    e
-0.0854

) decrease in the ODDS of 

delivering high quality care due to a standard deviation increase in ITLEVERAGE*.  

Therefore, counter to what we expected, we find the opposite of hypotheses 2B and 2C 

which hypothesizes a greater positive effect of the high IT leveraging competence 

treatment on the delivery of high quality health care at low levels of enabling resources 

compared to high levels of enabling resources. 
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Model (4B) contains the full model results (Table 3-12).  We also graph the two-way 

interaction between the instrumented IT leveraging competence variable 

(ITLEVERAGE*) and the two measures of enabling resources (P_POV, D_GOVNON) 

(see Figure 3-6).  Consistent with the partial model results and consistent with 

hypotheses 1A and 1B, the coefficients of P_POV (    = -0.1693, 99% CI = [-0.2169, -

0.0977]) and GOVON (    = -0.3152, 99% CI = [-0.3603, -0.2664]) are less than zero and 

significant.  This result again suggests that decreasing the level of community and 

individual enabling resources is associated with lower ODDS of delivering high quality 

care.  If we hold other regressors equal, a standard deviation decrease in community and 

individual enabling resources is associated with a 15.6% (= 1 – e
-0.1693

) and a 27.0% (= 1 

– e
-0.3152

) decrease in the ODDS of delivering high quality care, respectively.  Consistent 

with prior results, but counter to hypothesis 2B, the coefficient of the interaction between 

ITLEVERAGE* and P_POV is less than zero and significant (    = -0.0883, 99% CI = [-

0.1064, -0.0551]), suggesting that the effect of high IT leveraging competence decreases 

as community enabling resources decrease.  A standard deviation decrease in community 

enabling resources is therefore associated with an 8.5% (= 1 –   e
-0.1006

) decrease in the 

ODDS of delivering high quality care due to a standard deviation increase in 

ITLEVERAGE*.   

Similarly, counter to hypothesis 2C, the coefficient of the interaction between 

ITLEVERAGE* and D_GOVNON is less than zero and significant (    = -0.0238, 95% CI 

= [-0.0437, -0.0052]) again suggesting that the effect of high IT leveraging competence 
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decreases as individual enabling resources decrease.  All else being equal, a standard 

deviation decrease in individual enabling resources is associated with a 2.4% (= 1 – e
-

0.0854
) decrease in the ODDS of delivering high quality care due to a standard deviation 

increase in ITLEVERAGE*, holding all other regressors constant.  Of additional interest, 

is the coefficient for the tacit interaction between P_POV and D_GOVNON consistently 

being less than zero and significant (    = -0.0607, 95% CI = [-0.0765, -0.0387]) again 

suggesting that the ODDS of delivering high quality care decreases further at lower levels 

of both community and individual enabling resources.    

Table 3-12: Second stage full model results of 

two-stage parametric bootstrapping analyses for 

effect of high IT leveraging competence 

instrumented variable (ITLEVERAGE*); 

Binomial logit GLMM results with random 

intercepts for each PCSA; Dependent variable: 

proportion of patients receiving high quality 

diabetes care; Significance based on bootstrap 

confidence intervals; N = 447, PCSAs = 139. 
  (4B)   

Intercept -1.6909 (0.0286) *** 

log(D_N) 0.1713 (0.0170) *** 

REPORT 0.2526 (0.0317) *** 

D_MCARE -0.0810 (0.0314) *** 

P_AGE18_64 0.1154 (0.0262) *** 

P_NONWHITE 0.1836 (0.0281) *** 

P_POV -0.1693 (0.0234) *** 

D_GOVNON -0.3152 (0.0179) *** 

ITLEVERAGE* -0.0889 (0.0466) 
 ITLEVERAGE* x P_POV -0.0883 (0.0098) *** 

ITLEVERAGE* x D_GOVNON -0.0238 (0.0108) ** 

P_POV x D_GOVNON -0.0607 (0.0099) ** 

        

* p < 0.10, ** p < 0.05, *** p < 0.01. 
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Figure 3-6: Second stage interaction plots between instrumented variable 

for IT leveraging competence (ITLEVERAGE*) and enabling resources; 

dotted line corresponds to high IT leveraging competence; N = 447, PCSA 

= 139. 

 

 

3.5.5  Summary of Results 

In summary, our results show a positive association between community and individual 

enabling resources and the delivery of high quality care, providing support for hypotheses 

1A and 1B.  Further, our results also suggest that there is a positive association between 

IT leveraging competence and the delivery of high quality care, providing support for 

hypothesis 2A.  Contrary to expectations, we find partial support for the moderating 

effect of IT leveraging competence on the relationship between enabling resources and 

the delivery of high quality care.  As expected, the effect of leveraging an IT 

infrastructure on the delivery of high quality care is greater as community and individual 

enabling resources decrease, providing support for hypotheses 2B and 2C.  Counter to 

what we expected, the effects of high IT functionality utilization and IT inter-

organizational information exchange are at times reduced as enabling resources decrease.   
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The previous results are consistent with the two-stage parametric analyses of the high 

IT leveraging competence instrumented variable, where we find that the effect of high IT 

leveraging competence depends on the level of both community and individual enabling 

resources.  More specifically, we find that the effect of the high IT leveraging 

competence treatment decreases as community and individual enabling resources 

decrease.  The sub-group analyses demonstrate that the coefficients of IT functionality 

utilization and IT inter-organizational information exchange are not negative in the lower 

enabling resources groups, but rather that their magnitudes are potentially smaller when 

compared to their corresponding higher enabling resource group.   

3.6  Discussion and Conclusions 

3.6.1  Implications and Major Findings 

The study in this chapter highlights the critical roles of enabling resources and 

technology competence in the delivery of quality health care in primary care settings in 

order to address the growing „gap‟ between supply and demand of high quality care.  

Focusing on process level quality of care, we demonstrated that clinics operating in lower 

socioeconomic areas and providing care to a greater proportion of patients who are 

uninsured or with government assistance insurance are associated with lower quality 

health care.  We also find support for leveraging an IT infrastructure, IT functionalities, 

and IT inter-organizational information exchange as a quality improvement initiative and 

its positive association with the delivery of high quality health care.   
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In terms of technology‟s role in reducing disparities in care delivery due to 

differences in community and individual enabling resources, we find that the positive 

association between leveraging an IT infrastructure and the delivery of high quality 

health care increases as enabling resources decrease, therefore reducing the disparities in 

the delivery of high quality care by compensating for lower levels of enabling resources.  

Contrary to expectations, we find that the positive association between both, high levels 

of IT functionality utilization and IT inter-organizational information exchange, and the 

delivery of high quality health care potentially decreases as enabling resources decrease.  

These results suggest that IT functionality utilization and IT inter-organizational 

information exchange may be complementary IT capabilities that leverage other existing 

resources and skills.  Whereas IT infrastructure may serve as a shared set of capital IT 

resources that can substitute for resources in performing certain functions (i.e., 

administrative), IT functionality utilization and IT inter-organizational information 

exchange may require the combination of other resources and capabilities related to the 

care delivery function (i.e., clinical) in order to realize the competitive potential of IT 

leveraging competence in health care (Bharadwaj 2000; Ray et al. 2005).     

The results suggest the presence of structural differences in the provision of care due 

to socioeconomic characteristics of the communities and individuals that primary care 

clinics must contend with.  Therefore, efforts to promote adoption of health IT “might 

exacerbate existing disparities in care by creating a new health care “digital divide” 

between providers that disproportionately care for the poor and those that do not” (Jha et 
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al. 2009, p.1161).  Whereas individuals obtaining care in clinical settings with greater 

access to enabling resources will increasingly benefit from improvements in health care 

delivery from such mandates, individuals obtaining care in under-resourced clinical 

settings are less likely to obtain similar benefits.  Therefore, incentives to provide care 

under different settings should be aligned in order to reduce a spiraling effect where 

clinical settings that have lower levels of enabling resources will continue to perform 

worse as compared to more munificent clinical settings that have greater access to 

enabling resources.  

3.6.2  Contributions and Future Research Directions 

This study makes the following contributions.  First, in the domain of health care supply 

chain design, we incorporate literature from supply chain management and IT capabilities 

with health policy and health care disparities to evaluate the roles of community and 

individual enabling resources as well as the leveraging of technology for information and 

knowledge sharing and exchange to not only improve the delivery of health care, but also 

reduce disparities in care delivery.  We specifically focus on primary care settings where 

a large portion of chronic diseases are diagnosed and treated.  By looking at the role of 

information technology in addressing disparities, we focus on a priority of the Office of 

the National Coordinator for Health Information Technology (ONC) in striving for 

everyone to have access to quality health care including the benefits conferred by health 

information technology (ONC 2011a).   
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Second, building on previous work by Kc and Terwiesch (2009; 2011) we provide an 

illustrative context where by applying the resource dependence theory lens we can 

explain why health care organizations that operate in lower SES communities and 

provide care to a greater proportion of those who are marginalized are generally 

associated with lower quality health care.  These results can inform policy makers on 

funding decisions regarding reimbursement and incentives such as federal and state 

grants for organizations that meet the primary care needs of individuals and families 

living in low-income communities or the Medicare and Medicaid Electronic Health 

Records Incentive Programs that provide incentives for the adoption, implementation, 

upgrading, and meaningful use of electronic health records (HHS 2010a).   

Third, by incorporating the concept of „alignment‟, this study provides support for a 

growing concern of whether policy mandated health IT interventions are further 

increasing the disparities in health care and whether a more targeted approach that 

emphasizes alignment between need and resources is more appropriate (Chang et al. 

2004, Jha et al. 2009).  As Wagner and colleagues have long argued, successful care for 

chronic disease requires a broad array of community resources that can provide ancillary 

support services as well as non-physician resources that are responsible for routine 

assessments, key preventive tasks, providing support for patient self-management, and 

assuring follow-up (Bodenheimer et al. 2002; Wagner et al. 1996; Wagner 1997).  

Therefore, leveraging IT can complement such resources by improving the effectiveness 
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of community linkages and delegated key care functions resulting in greater care delivery 

benefits. 

This study does have the limitation of being an observational study using a cross 

section of clinics in a given state, their technology competences, enabling resources that 

they must contend with, and associated quality of care for a single chronic disease.  In 

order to reduce the potential for model dependence and bias, we employed subsample, 

matching, and two-stage methodologies.  Although the decision to leverage IT may be 

endogenous, we believe that our sample of primary care clinics operating in a single state 

controls for federal and state level health care reform mandates.  We also attempt to 

address the concern by means of a two-stage estimation approach.  The location decision 

whether quality organizations might select into better resourced communities may also be 

endogenous and more tedious to control for.  Extensions of this study with longitudinal 

data, other geographic regions, as well as different disease and clinical delivery contexts 

would provide robustness and generalizability to the reported findings.  Given that we use 

dichotomous measures for IT leveraging competence, more detailed IT leveraging 

measures such as IT investment, actual usage and amount information exchange 

measures would be beneficial.  Further, the inclusion of more granular socioeconomic 

variables such as income, employment, and education would be beneficial.  More 

granular community and clinic resource variables such as community programs and 

clinical capacity and staffing would also be beneficial to evaluate complementarities 

between resources and technology competences in care delivery.  In addition, the cost 
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estimates on the delivery of care would provide additional insights as to how affordability 

impacts access to quality health care.   

In closing, to the best of our knowledge, this study is the first to empirically examine 

the relationship between technology competence and disparities in care delivery due to 

differences in community and individual enabling resources in primary care settings.  In 

response to Agarwal et al. (2010), we highlight some of the challenges to overcome in 

order to realize the potential for improving health care.  In particular, this study highlights 

the promise and difficulties that technology has on improving the quality of health care in 

different primary care settings while at the same time addressing disparities in the 

delivery of care. The challenge remains to tackle the difficulties in bridging the “digital 

divide” between those with the ability to benefit from technology, and those without 

(Walsham et al. 2007). Therefore, we highlight the need for further research in evaluating 

the extent to which differences in resources and technology affect care delivery.  This 

study lays the foundation for developing a framework to inform how enabling resources 

and IT can enable the delivery of high quality care for chronic diseases and the need for 

special consideration in regions with heterogeneous patient populations.  As the 

heterogeneity of the population continues to increase as well as the associated complexity 

in the delivery of care, we hope that this study will motivate scholars and practitioners to 

conduct inquiries in this area.  
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Chapter 4 :  Affordable Access to High Quality Primary Care 

 

“If the solution is not affordable, it’s not a solution”. 

~ Dr. Devi M. Shetty, MD (2011) 

 

4.1  Introduction 

In addressing the health needs of an increasingly diverse population, a central focus is not 

only on providing greater access to health care, but also in making it more affordable.  

“Payers and society are holding U.S. physicians to an increasing degree of accountability, 

particularly in terms of the cost-effectiveness and the quality of care they provide” 

(Weiner et al. 1995, p.1503).  The affordability of chronic disease care is further 

constrained by the frequency of required therapies and ongoing nature of treatment 

(Cameron et al. 2009).  For some population groups, reduced use of health services may 

be an important problem that can lead to poorer health status and health outcomes once 

care is sought and as such we need to ensure that effective health services are being 

delivered to the appropriate patient groups in ways that reduce variation across 

population groups and geographic regions (Brook and Lohr 1985).   

With many of the disease conditions having a greater impact on the poor and with 

lower socioeconomic status, cost effective care delivery interventions are required.  Such 

inerventions should result in affordable medication and affordable on-going clinical care 
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(WHO 2005).  As such, information technology has been argued to have the potential to 

increase access to care.  Yet, there is little evidence to support this notion.  In particular, 

little is known about the relationship between cost and quality of care and whether a 

trade-off is present (Brook and Lohr 1985).  Further, there is a lack of evidence of 

financial improvements due to information technology adoption in clinical settings 

(Chaudry et al. 2006).  While leveraging information technology in the delivery of care is 

considered as essential for improving efficiency and quality of health care, there are 

substantial capital investments and organizational change management issues that must 

also be considered (Shekelle et al. 2006).  Therefore, further inquiry is required in 

evaluating the impact of technology-enabled interventions on affordable access to clinical 

care.    

We view affordability as a mechanism that links the supply side with the demand side 

by focusing on a clinical setting‟s ability to provide cost-effective care for a respective 

chronic disease condition in order to reduce financial barriers related to diagnosis and 

ongoing treatment (Sinha and Kohnke 2009).  In this chapter we evaluate affordability in 

primary care, technology-enabled intervention in the health care supply chain, and inter-

relationships between them in providing high quality care, more so for the 

socioeconomically disadvantaged.  The research questions guiding the study in this 

chapter are:   
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RESEARCH QUESTION 1:  Does affordability mediate the relationship 

between technology-enabled intervention and high quality health care in 

the supply chain for primary care?  If so, how? 

RESEARCH QUESTION 2:  Does improving affordability reduce 

disparities in the delivery of high quality health care due to socioeconomic 

differentials?  If so, in what way? 

In addressing these questions, we develop a framework that highlights the influence of 

leveraging information technology for improving quality while also reducing the cost of 

care and the benefit associated with lower costs of care for those in the lower 

socioeconomic stratum.  In the remainder of the chapter, we review of selected literature 

related to the concept of affordability and cost-related issues in health care and non-

health care related contexts.  In the subsequent section, we present the theoretical 

foundation of the study in this chapter, develop hypotheses that guide the empirical 

analysis, as well as provide the conceptual framework.  We then outline the research 

design, including the data sources, measures, and methods employed.  Subsequently we 

summarize the results.  The final section of the chapter discusses the key findings as well 

as the contributions of this study to theory and practice, the study‟s limitations, and 

directions for future research.  

4.2  Literature Review 

There has been considerable debate on the question of whether affordable access to 

health services leads to better health.  In addressing this question, studies have considered 

whether differences in health care financing or cost-limiting mechanisms influence care-
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seeking behavior.  Such mechanisms include curtailing eligibility for services, limiting 

coverage, and institution co-payments (Soumerai et al. 1987).  In particular, the debate is 

primarily concerned with whether increasing the sacrifice by patients to share in the 

burden of cost-sharing for health services will reduce the inappropriate use of health 

services or whether they reduce appropriate care that can be expected to be effective and 

beneficial for the patient (Lohr et al. 1986; Newhouse et al. 1981; Soumerai et al. 1987; 

Stuart and Grana 1998).   

In a large-scale randomized controlled trial using experimental health insurance plans 

that differed in the amount of cost-sharing borne by the families or in the organization 

which they received care, a series of studies that came out of the Rand Health Insurance 

Experiment (HIE) looked at the influence of alternative forms of health care financing on 

accessing health services and subsequently health outcomes (see Lohr et al. 1986).  

Compared to free care, the study found that cost-sharing reduced the probability of any 

medical contact during a year across a wide spectrum of ambulatory care diagnoses.  

Beyond accessing health services, cost-sharing was also associated with lower 

probabilities of use for numerous tests and medications.  As for health outcomes, disease-

specific effects due to cost-sharing were detected.  Consistent with these results, Brook et 

al. (1983) found the people with specific conditions that physicians have been trained to 

diagnose and treat obtained greater health benefit from health care when the cost-sharing 

sacrifice was reduced.  In particular, the more people had to pay for medical care, the less 

they used it.   
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Considering cost-related non-adherence (CRN) to medication, Mojtabai and Olfson 

(2003) found that Medicare beneficiaries with higher out-of-pocket medication spending 

reported higher rates of cost-related poor adherence and poor health outcomes.  Soumerai 

et al. (1987) also found that a limit on the number of paid prescriptions and the 

introduction of a co-payment for Medicaid patients resulted in less frequent acquisition of 

both ineffective and essential drugs.  Similarly, Stuart and Grana (1998) found that 

Medicare patients with supplemental insurance were more likely to use prescription 

medicine to treat their health problems compared to patients who relied on Medicare 

alone.  Although there are other factors that may influence cost-related non-adherence, 

Kurlander et al. (2009) conclude that non-adherence is primarily influenced by economic 

pressures.                   

An alleged shortcoming of increasing the cost-sharing sacrifice is the potential to 

induce individuals to delay seeking care (Newhouse et al. 1981).  An individual‟s 

perception of value and satisfaction is influenced by many factors.  The literature on 

marketing has a long history in modeling consumer decision making.  In particular, the 

marketing literature stresses that to successfully compete, sellers must stress the value of 

their offerings (Grewal et al. 1998).  In this stream of work, the focus is on the 

interrelationships between the concepts of price, quality, and value and how they 

influence purchasing behavior.  Buyers are generally perceived to have a set of prices that 

are acceptable and if a price is unacceptable the inference is that the offer must have little 

or no net present value where perceived value has a trade-off between quality and 
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sacrifice components (Chang and Wildt 1994; Dodds et al. 1991).  Value is positively 

influenced by the benefits buyers believe they are getting and negatively influenced by 

what is sacrificed to acquire the good or service (Grewal et al. 1998).  Prior research that 

study „consumer value‟ highlight ways to increase the consumer‟s value perceptions by 

(i) reducing monetary and nonmonetary costs, (ii) decreasing perceptions of sacrifice, 

and/or (iii) adding salient intrinsic attributes and extrinsic cues of value signals (Zeithaml 

1988).  Because most consumers operate on constrained budgets, financial sacrifice has 

been argued to be more appropriate than price alone and is often times conceptualized as 

the relative price given the consumer‟s financial constraints (Schmidt and Spreng 1996; 

Teas and Agarwal 2000). 

  In conceptualizing the concept of affordability in the health care supply chain for 

developing countries, Sinha and Kohnke (2009) consider it to be related to a patient‟s 

ability to manage the expense associated with proper diagnosis and treatment in parallel 

with the financial ability of the health care provider to offer the necessary services.  This 

conceptualization of affordability has lead to increasing the understanding of how to 

achieve quality health care for vulnerable and underserved patient populations (Dearani 

et al. 2010).  With the number of Americans who are uninsured on the rise, there is an 

increasing demand for care by the uninsured for which there is little or no reimbursement 

(Dubay et al. 2006).  Defining affordability of insurance coverage primarily depends on 

what is the “appropriate share of income that one should be expected to pay to have 

health insurance” which may be very different for the low-income levels due to requiring 
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a minimum amount of income to cover the basic necessities (Dubay et al. 2006, p.w24).  

With up to 90% of the population in developing countries purchasing medications 

through out-of-pocket payments, access to medication is unaffordable for large sections 

of the global population (Cameron et al. 2009).  In particular, patients with chronic 

diseases require a reliable supply of medicines and as such represent a substantial 

proportion of the economic costs of treating chronic diseases, more so for the low-income 

segments of the population (Mendis et al. 2007).  In estimating affordability of treatment, 

a ratio of prices to salary is often used in order to obtain the number of days‟ wages 

required to purchase treatment (Cameron et al. 2009; Mendis et al. 2007).   

The concept of affordability has also been studied in sectors other than health care.  

Given that housing is the largest expenditure item for households and with increasing 

prices and rents there is public concern over the affordability of housing (Quigley and 

Raphael 2004).  The housing literature conceptualizes affordability as the ability to 

secure some given standard of housing which does not impose an unreasonable burden on 

household incomes (Chaplin and Freeman 1999).  Most of the publicly available 

affordability measures compare the proportion of house prices to income where increases 

in price are inversely related to affordability (Gan and Hill 2009).  In addition to housing 

and health care, expanding and equalizing student access to higher education has been a 

major public policy goal with a strong interest in understanding the influence of price 

manipulation as a policy instrument in achieving this goal (Leslie and Brinkman 1987).  

In the higher education literature, affordability is traditionally looked at by considering 
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the relationship between price of tuition and enrollment and consistently finds an inverse 

relationship between increases in tuition and enrollment rates (see Heller 1997).        

4.3  Theory and Hypotheses 

We focus on a clinical setting‟s ability to provide cost-effective care for a respective 

chronic disease condition in order to reduce financial barriers related to diagnosis and 

ongoing treatment (Sinha and Kohnke 2009).  As discussed in Chapter 3, one way that 

leveraging information technology in clinical settings is expected to improve health care 

is through improved decision making by increasing access to information at the point of 

care.  We evaluate the cost and quality of care at the process level which consists of 

components of the care delivery encounter between the health care provider and the 

patient and if specified on the basis of scientific and expert judgment they should also 

reflect excellence in care (Brook et al. 1996).  In contrast to aggregate performance 

impacts across all firm activities, these measures are associated more with process-level 

performance rather than organizational-level performance (Melville et al. 2004).  

Building on medicine‟s long tradition of rigorously applying scientific methods to 

clinical work, an emphasis on the technical aspects of quality can result in both improved 

care delivery and health outcomes (Blumenthal and Epstein 1996).  Our theoretical 

model, therefore, links IT leveraging competence and affordability perspectives to the 

delivery of quality health care. 
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4.3.1  Affordability as Mediator  

The absence of providing care according to evidence-based recommendations is 

considered not only inappropriate but also inefficient (Weiner et al. 1995).  Such 

inefficiencies result in excessive test ordering, inappropriate diagnoses and treatments, 

and unnecessary additional health services (Evans et al. 1998; Teich et al. 2000; Tierney 

et al. 1990; Wilson et al. 1982).  These inefficiencies can translate to additional costs to 

the care delivery process and as a result be passed on to payers and/or patients.  

Therefore, inefficiencies could result in a financial burden that affects the ability of 

individuals to afford access to treatment more so for chronic disease conditions which 

require sustained care management.  Previous studies have documented reductions in use 

of health services and medications due to a greater share of income spent out-of-pocket 

(i.e., Federman et al. 2001; Lohr et al. 1986; Soumerai et al. 1987).  In the case of chronic 

diseases, reductions in health services and medications could result in adverse effects and 

potentially acute conditions which further complicate the care delivery process.    

The effect of information technology on efficiency and productivity gains in clinical 

settings has been well documented (see Chaudhry et al. 2006 and Shekelle et al. 2006).  

In a study across a sample of Florida hospitals, Menachemi et al. (2006) found that 

hospitals with positive operating margins were associated with higher levels of 

information technology use.  In a study of six Community Health Centers (CHCs) Miller 

and West (2007) found that most of the financial benefits from the use of electronic 

health records (EHRs) were attributable to efficiency gains.  Other information 
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technology intervention studies have identified efficiency and productivity gains that can 

be linked to lower care delivery costs through improvements in documentation and 

information access, reductions in adverse drug effects (ADEs), reductions in test ordering 

and other services, as well as reductions in medication and treatment errors (Evans et al. 

1999; Overhage et al. 1997; Teich et al. 2000; Tierney et al. 1993; Wilson et al. 1982).  

These results are consistent with Kohli and Devaraj‟s (2003) observations across 

information technology studies that evaluated information technology payoff using 

productivity-based measures in a variety of industry contexts where they argue that such 

measures are closer to the process and therefore less likely to be confounded by other 

external effects.  Beyond productivity-based improvements, information technology can 

also improve process-level performance in a variety of different ways (see Kohli and 

Grover 2008).  Therefore, we hypothesize that affordability will mediate the positive 

relationship between IT leveraging competence and the delivery of high quality health 

care. 

HYPOTHESIS 1 (H1):  IT leveraging competence is positively 

associated with the delivery of high quality health care through its positive 

effect on affordability. 

4.3.2  Affordability as Moderator 

In studies that focus on disparities, one of the underlying arguments is that differential 

treatment may be attributable to the patient‟s ability to afford access to treatment and 

medication (i.e., Sequist et al. 2006; Trivedi et al. 2005).  Empirical evidence has shown 

that financial enabling resources inhibit individuals from seeking and adhering to needed 
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treatment.  In the Rand Health Insurance Experiment (HIE) Lohr et al. (1986) found that 

the cost-sharing impact on health services and health outcomes was stronger for low-

income participants.  Stuart and Grana (1998) found that income increased the probability 

of treatment with prescription drugs and reduced the probability of going un-medicated.  

Considering non-adherence to needed treatment, Kemp et al. (2010) found that cost-

related underuse of medication across seven countries was least commonly reported in 

countries with the lowest out-of-pocket costs with below average income and lack of 

private insurance as significant predictors of cost-related under use in the U.S.  These 

results are consistent with Kurlander et al. (2009) in that it is economic pressures that 

appear to have the greatest influence on seeking and adhering to needed treatment.     

Although in aggregate, price “must adjust to equate supply and demand”, part of the 

problem is that different segments of society may react differently to price differences 

(Gan and Hill 2009, p.116).  Some segments may be more sensitive to price while others 

may be more benefit oriented (Grewal et al. 1998).  Similarly, quality is likely to vary in 

importance where the more wealthy may value quality more than price (Tellis and Gaeth 

1990).  Price sensitivity differences have been observed in previous health care and 

higher education studies.  Brook et al. (1983) found that improvements in health 

outcomes due to lower cost-sharing sacrifice appeared to be greater among the low-

income group.  Mojtabai and Olfson (2003) found that low-income Medicare 

beneficiaries with higher out-of-pocket spending for medication were specifically 

vulnerable to cost-related non-adherence.  In higher education, low-income students 
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generally demonstrate the highest price response.  Need-based financial aid in the form of 

loans, grants, and work study serve as tools for policy makers for increasing access to 

higher education.  In particular, due to its effect on reducing the net cost of enrolling, 

low-income students react more favorably to grant increases than other forms of financial 

aid (Heller 1997).  Similarly, affordability can serve as a lever that can affect the rates at 

which individuals of different segments access care as needed.  These arguments are 

consistent with the need for cost effective interventions in order to address the more 

vulnerable and most impacted population in health care disparities.  Therefore, we 

consider both community and individual enabling resources in hypothesizing that 

affordability will have a greater benefit on the delivery of high quality health care at 

lower levels of enabling resources. 

HYPOTHESIS 2A (H2A):   The relationship between community 

enabling resources and the delivery of high quality health care is 

moderated by affordability, such that affordability has a greater positive 

effect on the delivery of high quality health care under lower levels of 

community enabling resources compared to higher levels of community 

enabling resources. 

HYPOTHESIS 2B (H2B):   The relationship between individual 

enabling resources and the delivery of high quality health care is 

moderated by affordability, such that affordability has a greater positive 

effect on the delivery of high quality health care under lower levels of 

individual enabling resources compared to higher levels of individual 

enabling resources. 
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Figure 4-1:  Affordability as mediator and moderator theoretical framework; relationship 

between enabling resources, affordability, and IT leveraging competence in delivering 

high quality health care. 

 

4.4  Research Design 

4.4.1  Disease Context  

In this chapter we continue to focus on the disease context of diabetes due to the urgency 

of better understanding the impact of quality improvement interventions aimed at 

prevention and treatment of this chronic disease condition.   

4.4.2  Data Collection  

Quality Health Care.  The Minnesota Community Measurement (MNCM) is a 

collaborative effort that includes medical groups, clinics, physicians, hospitals, health 



 

   

114 

 

plans, employers, consumer representatives and quality improvement organizations in the 

state of Minnesota.  Minnesota HealthScores was developed based on data provided by 

Minnesota health plans as well as data submitted directly by medical clinics statewide.  

Minnesota HealthScores is used by medical groups and clinics to improve patient care, by 

employers and patients as vital information about the cost and quality of health care 

services, and by health plans for their pay-for-performance programs.  This study is based 

on information from patient medical records for diabetes care received in clinics in 2009 

and made available through the MNCM quality report and online portal (MNCM 2010a; 

MNCM 2010b).  Clinics collected data from medical records by either extracting the data 

from an electronic medical record through a data query or by abstracting the data from a 

paper-based medical record.  All data elements were specified by MNCM and clinics 

reported their diabetes quality data directly to MNCM.  A validation process consisting of 

quality checks of the submitted data files as well as on-site audits is performed.  While 

every clinic within a medical group must submit data to MNCM, a performance measure 

is not publicly reported if a minimum threshold of 30 patients is not met.  

Affordability.   Minnesota HealthScores reports the range of payments made by 

insurance plans to clinics and medical groups for 105 common health care services.  The 

payment amount is based on the agreed amount between the health care provider and the 

individual health plans.  Although the reported amounts are based on people who receive 

insurance coverage through an employer, we believe that it still provides a relative 

indication of care delivery costs which is influenced by many other factors besides the 
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insurance plan with whom the payments are negotiated with.  This study is based on 

information made available through the online portal for health services paid by four 

large health plans in Minnesota during 2008.   

Individual Enabling Resources.  The Minnesota Department of Health (MDH) 

developed a standardized set of quality measures for hospitals and physician clinics to 

produce a public report on health care quality.  All physician clinics are required to 

submit data either through a direct data submission process as part of an agreement with 

MNCM and authorize MNCM to submit results to MDH or submit directly to MNCM‟s 

portal.  Only data on clinics submitting data on 30 or more patients for each measure 

were provided.  In order to account for differences in patient populations that are beyond 

the control of a physician, information on the proportion of patients covered by 

commercial insurance, Medicare, and Minnesota health care programs or uninsured was 

reported and made available in the MDH 2010 quality report (MDH 2010).  

Community Enabling Resources.  The Primary Care Service Area (PCSA) Project 

which offers the first national database of primary care resources and utilization for small 

areas.  A primary care service area (PCSA) represents health care market areas for 

primary care services.  PCSAs were defined using 1999 Medicare claims data, 2000 

Census data, and ZIP Code Tabulation Areas (ZCTAs), which are generalized area 

representations of ZIP Code service areas developed by the U.S. Census Bureau.  This 

standardized definition of primary care service areas allows for the comparison of 
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primary care outcomes while accounting for differences in population characteristics 

(Goodman et al. 2003).  In this study we use the 2005 PCSA-level population 

socioeconomic estimates and the 2009 PCSA-level population socio-demographic 

estimates.   

IT Leveraging Competence.  This study is based on information from the 2010 health 

IT ambulatory assessment made available through the MNCM 2010 quality report and 

online portal (MNCM 2010a; MNCM 2010b).  MNCM reported three 4-level measures 

to assess the use of health IT by clinics in Minnesota.  The first measure, labeled „Adopt‟, 

assesses adoption of an electronic health record (EHR) in order to evaluate the level of 

information about a patient and associated care that is recorded in an electronic health 

record instead of a paper medical record.  The second measure, labeled „Use‟, assesses 

the extent that clinics use health IT to improve patient care such as by ordering lab tests 

and tracking health problems.  The third measure, labeled „Exchange‟, assesses the extent 

that information about the care provided at a clinic is shared amongst pharmacies, 

doctors, and hospitals. 

4.4.3  Measures 

We reviewed the extant literature to operationalize the quality of care delivery, 

affordability, IT leveraging competence, and enabling resources constructs as well as 

identifying relevant controls (see Table 4-1).    
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 Table 4-1:  Construct definitions, references, and data sources. 

Constructs References Source 

   

Quality Health Care   

Delivery of High Quality Care   

Care delivered according to clinical guideline 
recommendations. 

Sequist et al. (2005)  
Sequist et al. (2006) 

MN Community 
Measurement 

(MNCM) 

Enabling Resources   

Community   

Community-level social, economic, structural, and public 
policy resources available where access to health care 
services occurs. 

Andersen et al. (2002), Brown et 
al. (2004), Davidson et al. (2004), 
Kirby & Kaneda (2005), Pagan & 

Pauly (2006) 

Human 
Recourses and 

Services 
Administration 

(HRSA) 
Individual   

Individual-level enabling resources that facilitate the 
access to and use of health care services. 

Andersen et al. (2002), Brown et 
al. (2004), Davidson et al. (2004), 
Kirby & Kaneda (2005), Pagan & 

Pauly (2006) 

MN Department 
of Health (MDH) 

Affordability   

Cost to Income Ratio   

A patient’s ability to manage the expense associated with 
proper diagnosis and treatment in parallel with the 
financial ability of the health care provider to offer the 
necessary services. 

Gan and Hill (2009), Heller 
(1997)Sinha & Kohnke (2009), 
Schmidt & Spreng (1996), Teas 

& Agarwal (2000) 

MN Community 
Measurement 

(MNCM) 

IT Leveraging Competence   

IT Infrastructure   

The shared IT resources consisting of a technical 
physical base and a human component that combine to 
create IT services for an organization. 

Bharadwaj (2000), Byrd & Turner 
(2000), Chwelos et al. (2001), 

Ray et al. (2005) 

MN Community 
Measurement 

(MNCM) 

IT Functionality   

The use of IT functionalities to support an organization's 
IT-enabled activities in the execution of its operational 
processes. 

Devaraj & Kohli (2003), Pavlou & 
El Sawy (2006), Ray et al. (2004) 

MN Community 
Measurement 

(MNCM) 

IT Information Exchange   

The ability to seamlesly exchange rich and timely 
information with other entities external to the 
organization. 

Barua et al. (2004), Chwelos et 
al. (2001), Rai et al. (2006) 

MN Community 
Measurement 

(MNCM) 

Controls 

 
 

Community 

 

 

Community-level variables associated with accessing 
health care services.  

Andersen et al. (2002), Brown et 
al. (2004), Davidson et al. (2004), 
Kirby & Kaneda (2005), Pagan & 

Pauly (2006) 

Human 
Recourses and 

Services 
Administration 

(HRSA) 

Clinic 

 
 

Clinic-level variables associated with quality health care 
services. 

Devaraj & Kohli (2003), Gittell 
(2002), Sequist et al. (2005), 

Sequist et al. (2006) 

MN Community 
Measurement 

(MNCM) 
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Dependent Variable.  The dependent variable is the proportion of patients with diabetes 

(Types I and II) ages 18-75 at each clinic who received high quality diabetes care 

(D_COMPOSITE) based on the five measures (known as the D5) as recommended by the 

Institute for Clinical Systems Improvement (ICSI): (i) test for blood pressure (less than 

130/80 mmHg), (ii) test for bad cholesterol (LDL less than 100mg/dl), (iii) test for blood 

sugar (A1c less than 8%), (iv) recommendations to remain tobacco free, and (v) 

recommendation to take aspirin daily as appropriate.  The composite rate is calculated 

using an all-or-none method by giving credit for achieving high quality care when all five 

components of the D5 are met.  We also use the risk adjusted measure was provided 

which adjusts the quality measure using a Minnesota statewide average distribution 

across insurance products (D_RISKADJ).   

Independent Variables.  We operationalize one measure for affordability:  the ratio of 

average office visit cost plus average cost for glucose and glycated hemoglobin blood 

laboratory tests reported for each clinic to the median household income in the primary 

care service area.  Given a suggested follow-up of twice a year, we multiply the 

numerator by two.  We also take the log of the affordability measure to obtain the final 

affordability measure (log(AFFORD)).  The cost to income ratio operationalization for 

affordability is consistent with other affordability related studies (Gan and Hill 2009; 

Heller 1997).  This operationalization should be interpreted as a decrease in affordability 

as the value of the affordability measure increases. 
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We use the three MNCM health IT assessment measures to operationalize three 

dichotomous measures for IT leveraging competence at the clinic level:  IT infrastructure 

(ITINFRA), IT functionalities (ITFUNCT), and IT inter-organizational information 

exchange (ITEXCH) (see Table 4-2).  An organization‟s IT infrastructure has been 

suggested to be a resource that enables organizations to create IT services that facilitate 

adoption of other IT resources (Bharadwaj 2000; Byrd and Turner 2000; Chwelos et al. 

2001).  We code ITINFRA as 1 if the clinic has indicated that it has a fully installed EHR 

and therefore the ability to leverage the IT infrastructure available to provide IT services 

in the process of proving care.  In contrast to IT infrastructure, the IT functionality 

utilization measure focuses on the use of IT functionalities in to support the various 

organizational activities in the execution of operational processes (Devaraj and Kohli 

2003, Pavlou and El Sawy 2006, Ray et al. 2004).  We code ITFUNCT as 1 if a clinic 

reports the use of IT for lab and test results, to track patients‟ health problems and track 

doctors‟ orders, as well as to create benchmarks and remind patients when they are due 

preventive care.  As an integral part of supply chain management, the ability to exchange 

information with other entities enables organizations to integrate their processes in the 

delivery of products and services to end customers (Barua et al. 2004; Rai et al. 2006).  

As an indication of the level of IT enabled inter-organizational information exchange in 

the process of delivering care, we code ITEXCH as 1 if a clinic reports electronic 

prescribing and exchanging data with hospitals inside and/or outside the doctors‟ 

network. 
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Table 4-2:  IT leveraging competence summary table; MNCM measures, IT 

leveraging competence measures, high vs. low IT infrastructure, IT functionality 

utilization, and IT inter-organizational information exchange; N = 360. 

MNCM Measures IT Leveraging Competence  Low High N 

Adopt 
ITINFRA 

   0 - None of the listed below Low = Levels 0, 1, 2 

 
1 

1 - Planning on adopting an EHR 
 



 
55 

2 - Started installation of an EHR High = Level 3 

 
16 

3 - Fully installed EHR 

  
 288 

 

   
360 

Use 
ITFUNCT 

   0 - None of the listed below Low = Levels 0, 1, 2 

 
59 

1 - Use the EHR for lab and test results 
 



 
85 

2 - And also use the EHR to track patient health 
problems and track doctors orders High = Level 3 

 
9 

3 - And also use the EHR to create benchmarks 
and remind patients when they are due 
preventive care 

  
 207 

 

   
360 

Exchange 
ITEXCH 

   0 - None of the listed below Low = Levels 0, 1 

 
94 

1 - Do electronic prescribing OR safely send data 
to hospitals in the provider's network 

 


 
96 

2 - Do electronic prescribing AND send data to 
hospitals in the doctor's network High = Levels 2, 3 

 
 125 

3 - And can also safely send data from the EHR 
to hospitals outside the doctor's network 

  
 45 

 

   
360 

          

 

We operationalize one measure for community enabling resources at the PCSA level: 

the proportion of population that is below the 200% poverty level (P_POV).  The 

measure is based on the 2005 PCSA poverty estimates which are the most recent 

estimates made available.  This operationalization should be interpreted as a decrease in 

community enabling resources as the value of the community enabling resources measure 
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increases.  We operationalize one measure for individual enabling resources at the clinic 

level: the proportion of patients covered by government assistance health care programs 

or uninsured (D_GOVNON).  Similar to the community enabling resources interpretation, 

as the proportion of a clinic‟s patient population covered by government assistance health 

care programs or uninsured increases, individual enabling resources decrease.       

Control Variables.  We control for various clinic and PCSA level factors that we 

consider to be influential to the delivery of quality health care.  At the clinic level, we 

control for size of clinic by taking the log of the number of diabetes patient records 

reported log(D_N) to MNCM.  We control for the scope of services offered with a 

continuous measure indicating the number of clinic level measures reported (REPORT) to 

MNCM.  We control for the proportion of patients covered by Medicare (D_MCARE) to 

account for clinic level age effects.  At the PCSA level, we control for demographic 

effects with the proportion of the population that is non-white (P_NONWHITE).  We 

further control for the size of the workforce by the proportion of population in the age 

group between 18 and 64 (P_AGE18_64).  
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Table 4-3:  Summary and descriptive statistics of variables. 

Variable Description Mean SD Min Max 

Dependent Variable 

 

    

D_COMPOSITE Proportion of patients at clinic level that received D5 
care 

0.223 0.133 0.000 0.608 

D_RISKADJ Risk adjusted proportion of patients at clinic level 
that received D5 care 

0.244 0.127 0.021 0.572 

 

 

    

Independent Variables     

P_POV Proportion of population in PCSA that is below 200% 
poverty level (2005 estimate) 

0.311 0.105 0.089 0.640 

D_GOVNON Proportion of patients at clinic level that received 
diabetes care that are on government assistance 
health insurance or has no insurance 

0.163 0.144 0.000 0.870 

log(AFFORD) 2(Average cost of office visits + cost of blood related 
lab tests)/PCSA Median Household Income 

-4.94 0.32 -5.63 -4.13 

ITINFRA Indicator = 1 if clinic reports a fully installed EHR 0.762 0.426 0.000 1.000 

ITFUNCT Indicator = 1 if clinic reports the use of health IT 
(EHR) for lab and test results, tracking patient health 
problems, tracking doctors' orders, creating 
benchmarks, and reminding patients when they are 
due preventive care 

0.420 0.494 0.000 1.000 

ITEXCH Indicator = 1 if clinic reports the use of health IT for 
electronic prescribing, safely sending data to 
hospitals in provider's network or outside network 

0.533 0.499 0.000 1.000 

ITLEVERAGE Indicator = 1 if clinic reports high IT leveraging 
competence on all three measures ITINFRA = 1 and 
ITFUNCT = 1 and ITEXCH = 1 

0.300 0.459 0.000 1.000 

 

 

    

Control Variables 

 

    

P_NONWHITE Proportion of population in PCSA that is nonwhite 0.606 0.041 0.510 0.744 

P_AGE18_64 Proportion of population in PCSA that is between 
ages of 18-64 

0.081 0.100 0.009 0.684 

log(D_N) Log of the number of diabetes records reported 5.200 1.067 3.401 7.996 

REPORT Number of quality of care measures reported 2.187 0.722 1.000 3.000 

D_MCARE Proportion of patients at clinic level that received 
diabetes care that are covered by Medicare 

0.318 0.107 0.000 0.720 
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Figure 4-2:  Affordability as mediator and moderator empirical framework; relationship 

between enabling resources, affordability, and IT leveraging competence in delivering 

high quality health care. 

 

4.4.4  Statistical Methods 

Using the ZIP Code for the individual clinics, we linked the individual clinics to their 

respective PCSA.  We employ a mixed effects model with random intercepts that 

distinguishes a PCSA-level residual from the clinic-level one  as well as employ a 

binomial logit link function by utilizing a generalized linear mixed model (GLMM) to 

estimate the ODDS RATIO for patients receiving high quality care vs. not receiving high 

quality care.  With binomial errors we must know the number of „successes‟ as well as 

the number of „failures‟ out of a known number of trials.  Rather than using a simple 

proportion as is the case with OLS, logit link functions utilize more information (i.e., 
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number of success, failures, and trials) in its estimation of the ODDS RATIO.  This logit 

link GLMM modeling approach ensures that the response is bounded between 0 and 1 

while the functional form remains linear.   

Let i denote the PCSAs and let j denote the clinics nested within PCSAs.  We specify 

a GLMM logit link function which converts pij, the expected proportion of patients 

receiving high quality care in clinic j, to linear predictors with a single random effect for 

PCSA i as follows: 

                                                       (1) 

where X is the vector of regressors at the PCSA level with effects β, Z is the vector of 

regressors at the clinic level with effects  , (XZ) is the vector for interaction between the 

PCSA level and clinic level with   effects, (ZZ) is the vector for interaction at the clinic 

level with   effects, and vi is the random effect for each PCSA.     is assumed to be 

constant across clinics within PCSAs but random across PCSAs and assumed to be 

distributed as N(0, ζv
2
).  The parameter ζv

2
 indicates the variance in the PCSA 

distribution and therefore the degree of heterogeneity between PCSAs.    

In order to estimate the effect of IT leveraging competence on affordability, we 

employ a linear mixed model (LMM).  Let i denote the PCSAs and let j denote the clinics 

nested within PCSAs.  We specify an LMM function with log(AFFORD)ij, the 
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affordability measure for clinic j, as the dependent variable with linear predictors and a 

single random effect for PCSA i as follows: 

                                   (2) 

where X is the vector of regressors at the PCSA level with effects β, Z is the vector of 

regressors at the clinic level with effects γ, and vi is the random effect for each PCSA.  vi 

is assumed to be constant across clinics within PCSAs but random across PCSAs and 

assumed to be distributed as N(0, ζv
2
).  The parameter ζv

2
 indicates the variance in the 

PCSA distribution and therefore the degree of heterogeneity of the PCSAs.      is 

assumed to be random across clinics within PCSAs and assumed to be distributed as N(0, 

ζε
2
).     

We utilize R and the lme4 package to estimate the GLMM models and the nlme 

package to estimate the LMM models.  Interpretation of the coefficients in GLMM 

models is performed by exponentiating the coefficients which provides the effect of the 

predictor on the ODDS RATIO.  In contrast to OLS specification models, goodness-of-fit 

is not as important as statistical significance for logit specifications (Wooldridge 2002, 

p.465).  Therefore, although there is no single equivalent R
2
 measure to evaluate model 

fit for GLMMs, we report McFadden‟s (1974) pseudo R
2
 statistic for descriptive purposes 

only.     
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4.5  Results and Robustness Checks 

After merging the various data sources, our sample included 360 clinics that provide 

diabetes care in 118 primary care service areas in the state of Minnesota.  A total of 

115,402 patient records where submitted by the 360 clinics with 34,628 records estimated 

as meeting the D5 requirements.
7
  The continuous predictors where standardized for 

stability of models as well as for interpretation and comparison of coefficients.  

Coefficients greater than zero indicate greater ODDS of delivering high quality care vs. 

ODDS of not delivering high quality care.  Coefficients less than zero indicate lower 

ODDS of high quality care delivery vs. ODDS of not delivering high quality care.  We 

performed analyzes on both the unadjusted (D_COMPOSITE) as well as the risk-adjusted 

(D_RISKADJ) quality of care measures.  Since the results are consistent for both 

measures, we only report the results for the unadjusted quality measure. 

4.5.1  Full Sample Tests 

We hypothesize that IT leveraging competence improves the quality of health care 

delivery through its effect on affordability.  Following Gittell (2002), this mediation 

hypothesis requires the testing of three equations: (i) the effects of IT leveraging 

competence on the delivery of high quality health care, (ii) the combined effects of IT 

leveraging competence and affordability on the delivery of high quality health care, and 

                                                 
7
 The number of patients meeting the D5 requirements was estimated by taking the product of the number 

of records reported and the proportion of patients identified as meeting the D5 requirements.  The number 

of patients not meeting the D5 requirements due to missing one or more elements according to the D5 was 

estimated by taking the difference between the number of records reported and the estimated number 

patients meeting the D5 requirements. 
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(iii) the effects of IT leveraging competence on affordability.  To show mediation, all of 

the effects must be significant, but the significance of the association between IT 

leveraging competence and the delivery of high quality care must be reduced after adding 

affordability to the model (Gittell 2002). 

Results for the mediation tests for affordability on the positive association between IT 

leveraging competence and the delivery of high quality care are summarized in Models 

(1) – (3) in Table 4-4.
8
  The effects of IT leveraging competence on the delivery of high 

quality health care are shown in Model (1).  As expected, the coefficients of ITINFRA, 

ITFUNCT, and ITEXCH are greater than zero and significant suggesting that high IT 

leveraging competence as operationalized by a fully installed EHR is greater than zero 

and significant (γ = 0.2668, p-value < 0.000), high IT functionality utilization (γ = 

0.0712, p-value < 0.000), and high IT inter-organizational information exchange (γ = 

0.0466, p-value = 0.032) is associated with greater ODDS of delivering high quality 

health care.  When the other regressors remain constant, the three measures of high IT 

leveraging competence, ITINFRA, ITFUNCT, and ITEXCH, are associated with a 30.8% 

(= e
0.2668

 – 1), 7.4% (= e
0.0712

 – 1), and 4.7% (= e
0.0466

 – 1) increase in the ODDS of 

delivering high quality care, respectively.  Consistent with results from the study in 

Chapter 3, this finding suggests that IT leveraging competence is associated with the 

delivery of high quality health care.   

                                                 
8
 We used the vif.mer function in R for mixed effects models to check for multicollinearity in the 

independent variables of the GLMM main effects model.  All variance inflation factors were well below 

10, thus alleviating concerns of unstable coefficients.  For further details on the vif.mer function, refer to: 

 (https://hlplab.wordpress.com/2011/02/24/diagnosing-collinearity-in-lme4/) 

https://hlplab.wordpress.com/2011/02/24/diagnosing-collinearity-in-lme4/%29
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Table 4-4:  Mediation results for affordability; Binomial logit GLMM and LMM with 

random intercepts for each PCSA; Dependent variable for models (1) and (2): proportion 

of patients receiving high quality diabetes care; Dependent variable for model (3): 

log(AFFORD); N = 360, PCSAs = 118.  

  (1)   (2)   (3)   

Intercept -1.7434 (0.0595) *** -1.6954 (0.0616) *** 0.1851 (0.0942) * 

log(D_N) 0.1160 (0.0107) *** 0.0952 (0.0110) *** -0.0199 (0.0439) 
 REPORT 0.1626 (0.0122) *** 0.1579 (0.0122) *** -0.1299 (0.0451) *** 

MCARE -0.0614 (0.0138) *** -0.0466 (0.0139) *** 0.0611 (0.0410) 
 P_AGE18_64 0.0677 (0.0612) 

 
0.0619 (0.0636) 

 
-0.1048 (0.0664) 

 P_NONWHITE 0.1269 (0.0607) ** 0.1198 (0.0631) * -0.0762 (0.0697) 
 P_POV -0.2426 (0.0649) *** -0.1670 (0.0683) ** 0.5926 (0.0699) *** 

GOVNON -0.2773 (0.0099) *** -0.2694 (0.0099) *** 0.0268 (0.0373) 
 ITINFRA 0.2668 (0.0431) *** 0.3485 (0.0445) *** 0.5434 (0.1212) *** 

ITFUNCT 0.0712 (0.0198) *** -0.0894 (0.0281) *** -0.8672 (0.0872) *** 

ITEXCH 0.0466 (0.0217) ** 0.0863 (0.0222) *** 0.3704 (0.0817) *** 

log(AFFORD) 
   

-0.1340 (0.0167) *** 
   

          Log-likelihood -1245.0 
  

-1245.0 
  

-368.3 
  Pseudo R

2
 0.3900 

  
0.3900 

  
0.1888 

  

          * p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Model (2) contains the estimation results after adding affordability to the delivery of 

quality care model.  Whereas the positive effects of ITINFRA (γ = 0.3485, p-value < 

0.000) and ITEXCH (γ = 0.0863, p-value < 0.000) on the delivery of high quality care are 

not reduced when log(AFFORD) is added to the model, the effect of ITFUNCT  (γ = -

0.0894, p-value = 0.002) remains significant but reverses in sign.  In addition, we find 

that the coefficient of log(AFFORD) is less than zero an significant (γ = -0.1340, p-value 

< 0.000) suggesting that reducing affordability as operationalized by an increase in cost 

to income ratio is associated with lower ODDS of delivering high quality health care.  All 

else being equal, a one standard deviation increase in log(AFFORD) is associated with an 

12.6% (= 1 – e
-0.1340

) decrease in the ODDS of delivering high quality  care.  
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Subsequently, after log(AFFORD) is added to the model, ITFUNCT is associated with an 

8.6% (= 1 – e
-0.0894

) decrease in the ODDS of delivering high quality care. 

Model (2) also contains the main effects of the community enabling resources, 

individual enabling resources, and affordability on the delivery of high quality care.  

Consistent with the results from the study in Chapter 3, the coefficients of P_POV (β = -

0.1670, p-value = 0.015) and D_GOVNON (γ = -0.2694, p-value < 0.000) are less than 

zero and significant suggesting that decreasing community enabling resources as 

operationalized by the proportion of the population that is below the 200% poverty level 

and individual enabling resources as operationalized by the proportion of patients 

covered by government assistance health care programs or uninsured is associated with 

lower ODDS of delivering high quality care.  All else being equal, a standard deviation 

increase in P_POV and D_GOVNON is associated with a 15.4% (= 1 – e
-0.1670

) and 21.3% 

(= 1 – e
-0.2694

) decrease in the ODDS of delivering high quality care, respectively. 

We plot the quality of care measure vs. the quintiles for the affordability variables to 

illustrate hypothesis 1.  Figure 4-3 shows that affordability is positively associated with 

the delivery of high quality care.  As the cost to income ratio increases, there is a 

decreasing trend associated with the proportion of patients who receive high quality care. 
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Figure 4-3:  Plot of quality care vs. affordability; 

line drawn for mean proportion of patients 

receiving high quality diabetes care; N = 360, 

PCSAs = 118. 

 

 To complete the mediation argument, it is necessary to show that IT leveraging 

competence is associated with increasing levels of affordability (Model (3)).  As 

expected, the coefficient of ITFUNCT is less than zero and significant suggesting that 

high IT functionality utilization is associated with decreasing the cost to income ratio (γ = 

-0.8672, p-value < 0.000).  Contrary to what we expected, we find that the coefficients of 

ITINFRA and ITEXCH are greater than zero and significant suggesting that leveraging an 

IT infrastructure as operationalized by a fully installed EHR (γ = 0.5434, p-value < 0.000) 

and high IT inter-organizational exchange (γ = 0.3704, p-value < 0.000) are associated 

with increasing the cost to income ratio.  All else being equal, ITFUNCT is associated 
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with a 0.8672 standard deviation decrease in log(AFFORD).  In contrast, ITINFRA and 

ITEXCH are associated with a 0.5434 and 0.3704 standard deviation increase in the 

log(AFFORD), respectively.  These findings provide partial support for hypothesis 1 

which hypothesized that the positive association of IT leveraging competence and the 

delivery of high quality care would be partially mediated by affordability.   

Results for the partial moderation tests are summarized in Table 4-5.  Model (4) 

contains the estimation results for the interaction between community enabling resources 

and affordability and its association with the delivery of high quality care.  As expected, 

the coefficient of the interaction between log(AFFORD) and P_POV is less than zero and 

significant suggesting that the effect of affordability as operationalized by cost to income 

ratio (δ = -0.0534, p-value < 0.000) decreases as community enabling resources decrease 

as operationalized by the proportion of the population that is below the 200% poverty 

level.  Holding the other regressors constant, a standard deviation decrease in P_POV is 

associated with a 5.2% (= 1 – e
-0.0534

) decrease in the ODDS of delivering high quality 

care due to a one standard deviation increase in log(AFFORD).  

Model (5) contains the estimation results for the interaction between individual 

enabling resources and affordability and its association with the delivery of high quality 

care.  Similar to the community enabling resources results, we find that the coefficient of 

the interaction between log(AFFORD) and D_GOVONON is less than zero and 

significant, suggesting that the effect of affordability as operationalized by cost to income 
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ratio (δ = -0.0701, p-value < 0.000) decreases as individual enabling resources decrease 

as operationalized by the proportion of patients covered by government assistance health 

programs or uninsured.  When the other regressors remain constant, a standard deviation 

decrease in D_GOVNON is associated with a 6.8% (= 1 – e
-0.0701

) decrease in the ODDS 

of delivering high quality care due to a standard deviation increase in log(AFFORD).  

Therefore, we find support for hypotheses 2A and 2B which hypothesize a greater 

positive effect of affordability on the delivery of high quality health care at low levels of 

enabling resources compared to high levels of enabling resources.   

Table 4-5:  Partial model moderation results for affordability; 

Binomial logit GLMM with random intercepts for each PCSA; 

Dependent variable: proportion of patients receiving high quality 

diabetes care; N = 360, PCSAs = 118. 

  (4)   (5)   

Intercept -1.6603 (0.0633) *** -1.6713 (0.0613) *** 

log(D_N) 0.0933 (0.0110) *** 0.0971 (0.0110) *** 

REPORT 0.1577 (0.0122) *** 0.1577 (0.0122) *** 

MCARE -0.0430 (0.0140) *** -0.0383 (0.0140) *** 

P_AGE18_64 0.0547 (0.0640) 
 

0.0680 (0.0631) 
 P_NONWHITE 0.1410 (0.0639) ** 0.1451 (0.0627) ** 

P_POV -0.1622 (0.0686) ** -0.1622 (0.0677) ** 

GOVNON -0.2622 (0.0103) *** -0.2491 (0.0103) *** 

ITINFRA 0.3406 (0.0445) *** 0.3346 (0.0445) *** 

ITFUNCT -0.0748 (0.0287) *** -0.0912 (0.0281) *** 

ITEXCH 0.0863 (0.0222) *** 0.0860 (0.0222) *** 

log(AFFORD) -0.1660 (0.0211) *** -0.1547 (0.0170) *** 

log(AFFORD) x P_POV -0.0534 (0.0214) ** 
   log(AFFORD) x GOVNON 

   
-0.0701 (0.0106) *** 

       Log-likelihood -1242.0 
  

-1245.0 
  Pseudo R

2
 0.3915 

  
0.3900 

  

       * p < 0.10, ** p < 0.05, *** p < 0.01. 
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Although, a priori, we did not hypothesize an interaction between community and 

individual enabling resources, such a relationship is possible due to “tacit interaction”.
9
  

Model (6) contains the full model estimation results including the interaction between the 

community and individual enabling resources (Table 4-6).  We find that after including 

the tacit interaction between P_POV and D_GOVNON, the coefficients of interaction 

between log(AFFORD) and either P_POV (δ = 0.0230, p-value = 0.335) and 

D_GOVNON (δ = 0.0005, p-value = 0.980) are no longer significant.  Therefore, we also 

test for the presence of a three-way interaction between log(AFFORD), P_POV, and 

D_GOVNON  (Model (7)).  We find that the coefficient of the three-way interaction is 

less than zero and significant (δ = -0.0569, p-value < 0.001).  In order to examine the 

three-way interaction, we graph the interaction between log(AFFORD) and D_GOVNON 

at different levels of P_POV (see Figure 4-4).  Both P_POV and D_GOVNON where 

coded as either TRUE or FALSE at their respective medians, where TRUE corresponds to 

the lower enabling resources group and FALSE corresponds to the higher enabling 

resources group.   

Consistent with hypothesis 1, results show that that the ODDS of delivering high 

quality care decrease with log(AFFORD).  Further, consistent with hypotheses 2A and 

2B, the effect of log(AFFORD) is increased at lower levels of community and individual 

                                                 
9
 The inclusion of the IT Leveraging Competence variables in the interaction terms between community 

and individual enabling resources creates a “tacit interaction” between the enabling resources variables.  

The misinterpretation and bias of the coefficients is reduced by including the interaction between 

community and individual enabling resources in the full model (Braumoeller 2004). 
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enabling resources.  In particular, the effect of log(AFFORD) at lower levels of both 

community and individual enabling resources is substantially greater when compared to 

the effect of log(AFFORD) at higher levels of both community and individual enabling 

resources (i.e., TRUE-TRUE vs. FALSE-FALSE).  We therefore find support for 

hypotheses 2A and 2B which hypothesizes that the effect of affordability on the delivery 

of high quality health care should increase with lower levels of enabling resources.   

Table 4-6: Full model moderation results for affordability; Binomial logit 

GLMM with random intercepts for each PCSA; Dependent variable: 

proportion of patients receiving high quality diabetes care; N = 360, PCSAs = 

118. 

  (6)   (7)   

Intercept -1.6871 (0.0698) **** -1.7054 (0.0626) *** 

log(D_N) 0.1028 (0.0111) *** 0.1053 (0.0112) *** 

REPORT 0.1571 (0.0122) *** 0.1559 (0.0122) *** 

MCARE -0.0373 (0.0140) *** -0.0407 (0.0140) *** 

P_AGE18_64 0.0696 (0.0629) 
 

0.0718 (0.0624) 
 P_NONWHITE 0.1670 (0.0631) *** 0.1790 (0.0627) *** 

P_POV -0.1826 (0.0675) *** -0.1782 (0.0670) *** 

GOVNON -0.2716 (0.0115) *** -0.2105 (0.0188) *** 

ITINFRA 0.3152 (0.0448) *** 0.3189 (0.0448) *** 

ITFUNCT -0.0655 (0.0296) ** -0.0616 (0.0296) ** 

ITEXCH 0.0871 (0.0222) *** 0.0877 (0.0222) *** 

log(AFFORD) -0.0999 (0.0238) *** -0.0869 (0.0239) *** 

log(AFFORD) x P_POV 0.0230 (0.0238) 
 

0.0304 (0.0238) 
 log(AFFORD) x GOVNON 0.0005 (0.0201) 

 
-0.0437 (0.0228) * 

P_POV x GOVNON -0.0645 (0.0143) *** -0.0127 (0.0192) 
 log(AFFORD) x P_POV x GOVNON 

   
-0.0569 (0.0140) *** 

       Log-likelihood -1213.0 
  

-1204.0 
  Pseudo R

2
 0.4057 

  
0.4101 

  

 
            

* p < 0.10, ** p < 0.05, *** p < 0.01. 
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Figure 4-4:  Interaction plots between affordability and enabling resources; Binomial 

logit GLMM with random intercepts for each PCSA. 

 
 

4.5.2  Split Sample Tests 

Similar to Argote (1982) and Ray et al. (2005), we performed subgroup analyses by 

splitting the sample into low and high enabling resource groups at the 50 percentiles.  

These analyses first split the sample into groups of clinics below and above the 50 

percentiles of enabling resources and then show the relationships between affordability 

and the delivery of quality health care.  Such analyses are useful given the lack of 

information about the exact functional form of the underlying relationship among 

affordability, enabling resources, and quality care.  Given the operationalization for both 
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the community (P_POV) and individual (D_GOVNON) enabling resources variables, the 

high enabling resources group corresponds to the lower 50 percentile and the low 

enabling resources group corresponds to the upper 50 percentile.  We test the difference 

between coefficients for the GLMM models for the different enabling resources groups 

using a Wald chi-square test statistic with one degree of freedom as described in Allison 

(1999) 

    
         

                      
       

 
   (3) 

where bL is the coefficient of log(AFFORD) for the low enabling resources group, bH is 

the coefficient of log(AFFORD) for the high enabling resources group, and SE(bL) and 

SE(bH) are the estimated standard errors for the respective coefficients. 

Models (8) and (9) in Table 4-7 contain the community enabling resources split 

sample estimation results for the association between affordability and the delivery of 

high quality care.  As expected, for the community enabling resources groups we find 

that the coefficient of log(AFFORD) is less than zero and significant in both groups, and 

larger in magnitude in the low community enabling resources group.  Therefore, 

affordability as operationalized by cost to income ratio is associated with lower ODDS of 

delivering high quality care in the low community enabling resources group (γ = -0.1717, 

p-value = 0.014) as compared to the high community enabling resources group (γ = -

0.1114, p-value < 0.000).  Whereas a standard deviation increase in log(AFFORD) is 
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associated with a 15.8% (=1 – e
-0.1717

) decrease in the ODDS of delivering high quality 

care for the low community enabling resources group, a standard deviation increase in 

log(AFFORD) is associated with a 10.5% (=1 – e
-0.114

) decrease in the ODDS of 

delivering high quality care for the high community enabling resources group, holding all 

other regressors constant.  Although there is an apparent difference in the effect of 

log(AFFORD) between the two groups, the Wald chi-square test does not support the 

difference (χ
2
 = 0.7024, p-value = 0.402).  These results provide partial support for 

hypotheses 2A which hypothesizes that affordability is associated with greater ODDS of 

delivering high quality health care in the low community enabling resources group as 

compared to the high community enabling resources group. 

Table 4-7:  Split sample results by community resources; Binomial logit 

GLMM results with random intercepts for each PCSA; Dependent variable: 

proportion of patients receiving high quality diabetes care; Model (8) 

corresponds to the low community enabling resources group; Model (9) 

corresponds to the high community enabling resources group. 

  (8)   (9)   
2
   

Intercept -1.8415 (0.1277) *** -1.4939 (0.1005) *** 4.5772 ** 

log(D_N) 0.0535 (0.0389) 
 

0.1128 (0.0120) *** 2.1210 
 REPORT 0.0918 (0.0376) ** 0.1652 (0.0134) *** 3.3746 * 

MCARE -0.2388 (0.0333) *** -0.0074 (0.0155) 
 

39.7543 *** 

P_AGE18_64 0.0821 (0.0731) 
 

0.0525 (0.1133) 
 

0.0485 
 P_NONWHITE 0.0110 (0.0610) 

 
0.2814 (0.1495) * 2.8062 * 

P_POV 
        GOVNON -0.3545 (0.0209) *** -0.2234 (0.0128) *** 28.6954 *** 

ITINFRA 0.3320 (0.1379) ** 0.3302 (0.0473) *** 0.0002 
 ITFUNCT -0.0415 (0.0782) 

 
-0.0589 (0.0308) * 0.0431 

 ITEXCH 0.3056 (0.0780) *** 0.0791 (0.0237) *** 7.7202 *** 

log(AFFORD) -0.1717 (0.0696) ** -0.1114 (0.0179) *** 0.7024 
 

         n 106 
  

254 
    PCSA 59 

  
59 

    Log-likelihood -262.5 
  

-938.4 
    Pseudo R

2
 0.5634 

  
0.3405 

    

         * p < 0.10, ** p < 0.05, *** p < 0.01. 
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Models (10) and (11) in Table 4-8 contain the individual enabling resources split 

sample estimation results for the association between affordability and the delivery of 

high quality care.  As expected, for the individual enabling resources groups we find that 

the coefficients of log(AFFORD) are less than zero and significant, and larger in 

magnitude in the low individual enabling resources group.  Therefore, affordability as 

operationalized by cost to income ratio is associated with lower ODDS of delivering high 

quality care in the low individual enabling resources group (γ = -0.5918, p-value < 0.001) 

as compared to the high individual enabling resources group (γ = -0.1118, p-value < 

0.001).  Thus, a one standard deviation increase in log(AFFORD) is associated with a 

44.7% (=1 – e
-0.5918

) decrease in the ODDS of delivering high quality care for the low 

individual enabling resources group and 10.6% (=1 – e
-0.1118

) decrease in the ODDS of 

delivering high quality care for the high individual enabling resources group, holding all 

other regressors constant.  In support of the suggested difference of the effect of 

log(AFFORD) between groups, the Wald chi-square test is significant (χ
2
 = 132.9404, p-

value < 0.001).  These results further support for hypotheses 2B which hypothesizes that 

affordability is associated with greater ODDS of delivering high quality health care in the 

low individual enabling resources group as compared to the high individual enabling 

resources group. 
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Table 4-8:  Split sample results by individual enabling resources; Binomial 

logit GLMM results with random intercepts for each PCSA; Dependent 

variable: proportion of patients receiving high quality diabetes care; Model 

(10) corresponds to the low individual enabling resources group; Model (11) 

corresponds to the high individual enabling resources group. 

  (10)   (11)   
2
   

Intercept -1.4174 (0.1184) *** -1.6378 (0.0926) *** 2.1504 
 log(D_N) -0.0699 (0.0196) *** 0.1612 (0.0160) *** 83.7590 *** 

REPORT 0.2334 (0.0263) *** 0.2036 (0.0165) *** 0.9190 
 MCARE -0.1021 (0.0238) *** 0.0261 (0.0185) 

 
18.1128 *** 

P_AGE18_64 0.1552 (0.0856) * 0.0759 (0.1032) 
 

0.3498 
 P_NONWHITE -0.0865 (0.0806) 

 
0.1211 (0.1152) 

 
2.1768 

 P_POV 0.0611 (0.0929) 
 

-0.0724 (0.0977) 
 

0.9802 
 GOVNON 

        ITINFRA 0.3118 (0.1169) *** 0.3583 (0.0557) *** 0.1292 
 ITFUNCT -0.3733 (0.0397) *** -0.1271 (0.0456) *** 16.5963 *** 

ITEXCH 0.1049 (0.0349) *** 0.1644 (0.0360) *** 1.4081 
 log(AFFORD) -0.5918 (0.0354) *** -0.1118 (0.0219) *** 132.9404 *** 

         n 166 
  

194 
    PCSA 79 

  
72 

    Log-likelihood -803.5 
  

-544.3 
    Pseudo R

2
 0.2369 

  
0.3854 

    

         * p < 0.10, ** p < 0.05, *** p < 0.01. 

 

4.5.3  Propensity Score Matching Tests 

We follow Ho et al. (2007) to preprocess the sample with matching methods so that the 

treated group is as similar as possible to the control group.  This form of matching is 

argued to be useful in reducing model dependence and bias by improving the degree to 

which the treatment and control covariate distributions resemble each other.  The 

matching procedure involves two main steps: (i) obtain a preprocessed sample by 

estimating the propensity score using logistic regression of the treatment on the 

covariates and (ii) use the same parametric analysis on the preprocessed sample as was 

used on the original full sample prior to preprocessing.  We used the optimal method in 
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the MatchIt package in R to obtain a preprocessed sample by estimating the propensity 

for the high IT leveraging competence treatment (ITLEVERAGE = 1) given the clinic and 

community level covariates resulting in a preprocessed sample of 246 clinics in 72 

primary care service areas; 123 clinics in the treatment group and 123 clinics in the 

control group.   

In contrast to Equation (1), the MatchIt package does not allow for the inclusion of 

random effects in the propensity model.  Therefore, Equation (1) is simplified to the 

following generalized linear model (GLM).  Let i denote the PCSAs and let j denote the 

clinics nested within PCSAs.  We specify a GLM logit link function which converts    , 

the expected probability that clinic j will receive the high IT leveraging competence 

treatment (ITLEVERAGE = 1), to linear predictors for clinic j and for PCSA i as follows: 

                                        (4) 

where X is the vector of regressors at the PCSA level with main effects β, and Z is the 

vector of regressors at the clinic level with main effects  .       

Models (1P) – (3P) contain the estimation results for mediation tests for affordability 

on the positive association between IT leveraging competence and the delivery of high 

quality care.  The positive effects of IT leveraging competence on the delivery of high 

quality health care are shown in Table 4-9 (Model 1P).  As expected, the coefficients of 

ITINFRA, ITFUNCT, and ITEXCH are greater than zero and significant suggesting that 
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high IT leveraging competence as operationalized by a fully installed EHR is greater than 

zero and significant (γ = 0.1385, p-value = 0.014), high IT functionality utilization (γ = 

0.0912, p-value < 0.000), and high IT inter-organizational information exchange (γ = 

0.1122, p-value < 0.000) is associated with greater ODDS of delivering high quality 

health care.  When the other regressors remain constant, the three measures of high IT 

leveraging competence, ITINFRA, ITFUNCT, and ITEXCH, are associated with a 14.9% 

(= e
0.1385

 – 1), 9.6% (= e
0.0912

 – 1), and 11.9% (= e
0.1122

 – 1) increase in the ODDS of 

delivering high quality care, respectively.  This finding suggests that IT leveraging 

competence is associated with the delivery of high quality health care. 

Model (2P) contains the estimation results after adding affordability to the delivery of 

quality care model.  Whereas the positive effects of ITINFRA (γ = 0.2614, p-value < 

0.000) and ITEXCH (γ = 0.1551, p-value < 0.000) on the delivery of high quality care are 

not reduced when log(AFFORD) (γ = -0.1495, p-value < 0.000) is added to the model, the 

effect of ITFUNCT remains significant but reverses in sign (γ = -0.1108, p-value = 0.001) 

suggesting that reducing affordability as operationalized by an increase in cost to income 

ratio is associated with lower ODDS of delivering high quality health care.  All else being 

equal, a one standard deviation increase in log(AFFORD) is associated with an 13.9% (= 

1 – e
-0.1495

) decrease in the ODDS of delivering high quality  care.  Subsequently, after 

affordability is added to the model, ITFUNCT is associated with a 10.5% (= 1 – e
-0.1108

) 

decrease in the ODDS of delivering high quality care.     
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Table 4-9:  Matched sample mediation results for affordability; Binomial logit 

GLMM and LMM with random intercepts for each PCSA; Dependent variable for 

models (1P) and (2P): proportion of patients receiving high quality diabetes care; 

Dependent variable for model (3P): log(AFFORD); N = 246, PCSAs = 72.  

  (1P)   (2P)   (3P)   

Intercept -1.6607 (0.0820) *** -1.6120 (0.0834) *** 0.1121 (0.1463) 
 log(D_N) 0.1464 (0.0137) *** 0.1172 (0.0141) *** -0.0183 (0.0529) 
 REPORT 0.1373 (0.0210) *** 0.1297 (0.0210) *** -0.2085 (0.0635) *** 

MCARE -0.0739 (0.0159) *** -0.0515 (0.0161) *** 0.0474 (0.0529) 
 P_AGE18_64 0.1546 (0.0745) ** 0.1576 (0.0762) ** -0.0269 (0.0854) 
 P_NONWHITE 0.0220 (0.0664) 

 
0.0114 (0.0679) 

 
-0.1119 (0.0810) 

 P_POV -0.1360 (0.0716) * -0.0535 (0.0740) 
 

0.6339 (0.0842) *** 

GOVNON -0.2917 (0.0105) *** -0.2840 (0.0106) *** -0.0081 (0.0403) 
 ITINFRA 0.1385 (0.0560) ** 0.2614 (0.0583) *** 0.8306 (0.1789) *** 

ITFUNCT 0.0912 (0.0216) *** -0.1108 (0.0337) *** -1.1111 (0.1027) *** 

ITEXCH 0.1122 (0.0252) *** 0.1551 (0.0257) *** 0.4551 (0.0956) *** 

log(AFFORD) 
   

-0.1495 (0.0193) *** 
   

          Log-likelihood -977.8 
  

-947.8 
  

-248.3 
  Pseudo R

2
 0.4092 

  
0.4273 

  
0.2290 

  

          * p < 0.10, ** p < 0.05, *** p < 0.01. 

 

To complete the mediation argument, it is necessary to show that IT leveraging 

competence is associated with increasing levels of affordability (Model (3P)).  As 

expected, the coefficient of ITFUNCT is less than zero and significant suggesting that 

high IT functionality utilization is associated with decreasing the cost to income ratio (γ = 

-1.1111, p-value < 0.000).  Contrary to what we expected, we find that the coefficients of 

ITINFRA and ITEXCH are greater than zero and significant suggesting that leveraging an 

IT infrastructure as operationalized by a fully installed EHR (γ = 0.8306, p-value < 0.000) 

and high IT inter-organizational exchange (γ = 0.4551, p-value < 0.000) are associated 

with increasing the cost to income ratio.  All else being equal, ITFUNCT is associated 

with a 1.1111 standard deviation decrease in log(AFFORD).  In contrast, ITINFRA and 
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ITEXCH are associated with a 0.8306 and 0.4551 standard deviation increase in 

log(AFFORD), respectively.  These findings provide partial support for hypothesis 1 

which hypothesized that the positive association of IT leveraging competence and the 

delivery of high quality care would be partially mediated by affordability. 

Model (2P) contains the main effects of the community enabling resources, individual 

enabling resources, and affordability on the delivery of high quality care.  Consistent with 

Chapter 3, the coefficient D_GOVNON (γ = -0.2840, p-value < 0.001) is less than zero 

and significant suggesting that decreasing individual enabling resources as 

operationalized by the proportion of patients covered by government assistance health 

care programs or uninsured is associated with lower ODDS of delivering high quality 

care.  All else being equal, a standard deviation increase in D_GOVNON is associated 

with a 24.7% (= 1 – e
-0.2840

) decrease in the ODDS of delivering high quality care, 

respectively.    Although the coefficient of P_POV (β = -0.0535, p-value = 0.470) is not 

significant in the pre-processed sample, it is less than zero as expected.   

Results for the partial moderation tests are summarized in Table 4-10.  Model (4P) 

contains the estimation results for the interaction between community enabling resources 

and affordability and its association with the delivery of high quality care.  As expected, 

the coefficient of the interaction between log(AFFORD) and P_POV is less than zero and 

significant suggesting that the effect of affordability as operationalized by cost to income 

ratio (δ = -0.0729, p-value = 0.002) decreases as community enabling resources decrease 
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as operationalized by the proportion of the population that is below the 200% poverty 

level.  Holding the other regressors constant, a standard deviation increase in P_POV is 

associated with a 7.0% (=1 – e
-0.0729

) decrease in the ODDS of delivering high quality 

care due to a one standard deviation increase in log(AFFORD).   

Table 4-10:  Matched sample partial moderation results for 

affordability; Binomial logit GLMM with random intercepts for each 

PCSA; Dependent variable: proportion of patients receiving high 

quality diabetes care; N = 246, PCSAs = 72. 

  (4P)   (5P)   

Intercept -1.5689 (0.0851) *** -1.5906 (0.0826) *** 

log(D_N) 0.1147 (0.0141) *** 0.1186 (0.0141) *** 

REPORT 0.1308 (0.0211) *** 0.1315 (0.0211) *** 

MCARE -0.0471 (0.0162) *** -0.0433 (0.0161) *** 

P_AGE18_64 0.1573 (0.0769) ** 0.1620 (0.0750) ** 

P_NONWHITE 0.0458 (0.0694) 
 

0.0411 (0.0670) 
 P_POV -0.0556 (0.0747) 

 
-0.0537 (0.0728) 

 GOVNON -0.2734 (0.0111) *** -0.2639 (0.0109) *** 

ITINFRA 0.2367 (0.0588) *** 0.2395 (0.0583) *** 

ITFUNCT -0.0828 (0.0350) ** -0.1087 (0.0337) *** 

ITEXCH 0.1536 (0.0258) *** 0.1554 (0.0258) *** 

log(AFFORD) -0.1893 (0.0231) *** -0.1670 (0.0196) *** 

log(AFFORD) x P_POV -0.0729 (0.0233) *** 
   log(AFFORD) x GOVNON 

   
-0.0668 (0.0107) *** 

       Log-likelihood -943.0 
  

-928.6 
  Pseudo R

2
 0.4302 

  
0.4389 

  

       * p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Model (5P) contains the estimation results for the interaction between individual 

enabling resources and affordability and its association with the delivery of high quality 

care.  Similar to the community enabling resources results, we find that the coefficient of 

the interaction between log(AFFORD) and D_GOVONON is less than zero and 

significant, suggesting that the effect of affordability as operationalized by cost to income 
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ratio (δ = -0.0668, p-value < 0.000) decreases as individual enabling resources decrease 

as operationalized by the proportion of patients covered by government assistance health 

programs or uninsured.  When the other regressors remain constant, a standard deviation 

increase in D_GOVNON is associated with a 6.5% (=1 – e
-0.0668

) decrease in the ODDS of 

delivering high quality care due to a standard deviation degrease in log(AFFORD).  

Therefore, we find support for hypotheses 2A and 2B which hypothesize a greater 

positive effect of affordability on the delivery of high quality health care at low levels of 

enabling resources compared to high levels of enabling resources. 

Model (6P) contains the full model estimation results including the interaction 

between the community and individual enabling resources (Table 4-11).  We find that 

after including the tacit interaction between P_POV and D_GOVNON, the coefficients of 

interaction between log(AFFORD) and either P_POV (δ = 0.0046, p-value = 0.860) and 

D_GOVNON (δ = 0.0078, p-value = 0.712) are no longer significant.  Therefore, we 

again test for the presence of a three-way interaction between log(AFFORD), P_POV, 

and D_GOVNON  (Model (7P)).  Consistent with the full sample results, we find that the 

coefficient of the three-way interaction is less than zero and significant (δ = -0.0556, p-

value < 0.001) providing support for hypotheses 2A and 2B which hypothesizes that the 

effect of affordability on the delivery of high quality health care should increase with 

lower levels of enabling resources. 

 



 

   

146 

 

Table 4-11:  Matched sample full model moderation results for affordability; 

Binomial logit GLMM with random intercepts for each PCSA; Dependent 

variable: proportion of patients receiving high quality diabetes care; N = 246, 

PCSAs = 72. 

  (6P)   (7P)   

Intercept -1.5984 (0.0841) *** -1.6288 (0.0844) *** 

log(D_N) 0.1275 (0.0143) *** 0.1322 (0.0144) *** 

REPORT 0.1303 (0.0211) *** 0.1301 (0.0211) *** 

MCARE -0.0426 (0.0162) *** -0.0471 (0.0162) *** 

P_AGE18_64 0.1549 (0.0754) ** 0.1548 (0.0751) ** 

P_NONWHITE 0.0718 (0.0684) 
 

0.0886 (0.0681) 
 P_POV -0.0739 (0.0734) 

 
-0.0715 (0.0731) 

 GOVNON -0.2852 (0.0123) *** -0.2242 (0.0203) *** 

ITINFRA 0.2110 (0.0592) *** 0.2196 (0.0593) *** 

ITFUNCT -0.0654 (0.0365) * -0.0574 (0.0365) 
 ITEXCH 0.1542 (0.0257) *** 0.1550 (0.0257) *** 

log(AFFORD) -0.1151 (0.2679) *** -0.0991 (0.0271) *** 

log(AFFORD) x P_POV 0.0046 (0.0262) 
 

0.0133 (0.0263) 
 log(AFFORD) x GOVNON 0.0078 (0.0212) 

 
-0.0359 (0.0241) 

 P_POV x GOVNON -0.0640 (0.0152) *** -0.0131 (0.0204) 
 log(AFFORD) x P_POV x GOVNON 

   
-0.0556 (0.0148) *** 

       Log-likelihood -919.7 
  

-912.6 
  Pseudo R

2
 0.4443 

  
0.4486 

  

 
            

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

4.5.4  Three-Stage Parametric Bootstrapping Tests 

The previous analyses do not disentangle the effects of IT leveraging selection and 

affordability.  In order to determine if and to what extent health care organizations 

provide more affordable care even when we control for selective IT leveraging, 

additional analysis is needed.  To address the potential endogeneity of IT leveraging 

competence, we use an instrumental variable (IV) technique.  For the first stage, we 

specify a GLMM logit link function which converts    , the expected probability that we 

observe clinic j with the high IT leveraging competence treatment (ITLEVERAGE = 1), to 

linear exogenous predictors including a single random effect for PCSA i.  We then use 
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the predicted value from the first stage (           ) for ITLEVERAGE in Equation 

(2) to estimate the second stage model.  We again use the predicted value from the 

second stage              for log(AFFORD) in Equation (1), the equation of interest.  

Such Instrumental Variable (IV) estimation techniques require at least one additional 

explanatory variable that influences the prior stage but not the posterior stage, often 

referred to as the exclusion restriction requirement.  In order to account for the potential 

of bias and erroneous standard error estimates in the third stage, we perform 1,999 

bootstrap replicates using parametric bootstrapping from the package boot to obtain the 

standard errors and respective confidence intervals for the third stage coefficients.  

Bootstrapping allows us to perform statistical inference based on the empirical sampling 

distributions for the GLMM coefficients by re-sampling from the data at hand.  The third 

stage specification is as follows:    

                                                                  (5) 

with main effects     and    , and interaction effects     and    , with vi as the random 

effect for each PCSA.    

As other organizations leverage information technology the competitive environment 

surrounding the organization increases. As such, we expect that, beyond organizational 

size, the external pressure from the IT competitive environment will have a positive 

influence on the decision for high IT leveraging competence.  We include the variable 

ITCOMP in the first stage GLMM model but exclude it from the second stage. For each 
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clinic, ITCOMP is defined as the proportion of other clinics in the county where the clinic 

is operating in that are observed to have high IT leveraging competence (ITLEVERAGE = 

1), namely high IT infrastructure (ITINFRA = 1), high IT functionality utilization 

(ITFUNCT = 1), and high IT inter-organizational information exchange (ITEXCH = 1). 

The IT competitive environment on the decision to leverage IT should not directly 

influence the affordability of care that is delivered at any specific clinic except through 

their decision to leverage IT.  Next, following hypothesis 1, the effect of leveraging IT on 

the delivery of quality care is through affordability and therefore we exclude the 

instrumented variable for ITLEVERAGE from the second stage.  We then use the second 

stage model to predict the third stage, namely the effect of the instrumented 

log(AFFORD)* variable on pij, the expected proportion of patients receiving high quality 

care in clinic j.
10

 

Results for the partial tests are summarized in Table 4-12.  Model (1B) contains the 

estimation results for third stage main effects on the delivery of quality care.  We find 

that the effect of the instrumented variable log(AFFORD)* is greater than zero but not 

significant (γ = 0.0027, 90% CI = [-0.0644, 0.2704]).  Therefore, the main effect of 

reducing affordability as operationalized by an increase in cost to income ratio is not 

associated with lower ODDS of delivering high quality health care.  Consistent with prior 

analyses, we also find that the coefficients of P_POV (β = -0.2493, 99% CI = [-0.5250, -

0.0618]) and D_GOVNON (γ = -0.2724, 99% CI = [-0.3070, -0.2490]) are less than zero 

                                                 
10

 We use the notation of log(AFFORD)* to distinguish the instrumented variable in the third stage from 

the original log(AFFORD) variable. 
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and significant suggesting that decreasing community enabling resources as 

operationalized by the proportion of the population that is below the 200% poverty level 

and individual enabling resources as operationalized by the proportion of patients 

covered by government assistance health care programs or uninsured is associated with 

lower ODDS of delivering high quality care.  Holding other regressors constant, a 

standard deviation increase in P_POV and D_GOVNON is associated with a 22.1% (= 1 – 

e
-0.2493

) and 23.8% (= 1 – e
-0.2724

) decrease in the ODDS of delivering high quality care, 

respectively. 

Table 4-12:  Third stage partial model results of three-stage parametric bootstrapping 

analyses for effect of the affordability instrumented variable (log(AFFORD)*); Binomial 

logit GLMM results with random intercepts for each PCSA; Dependent variable: 

proportion of patients receiving high quality diabetes care; N = 357, PCSAs = 116. 

  (1B)   (2B)   (3B)   

Intercept -1.4888 (0.0374) *** -1.4489 (0.0480) *** -1.4364 (0.0374) *** 

log(D_N) 0.1262 (0.0114) *** 0.1253 (0.0115) *** 0.1346 (0.0114) *** 

REPORT 0.2082 (0.0286) *** 0.2045 (0.0285) *** 0.1783 (0.0292) *** 

D_MCARE -0.0777 (0.0196) *** -0.0731 (0.0195) *** -0.0401 (0.0205) *** 

P_AGE18_64 0.0846 (0.0265) *** 0.0758 (0.0280) *** 0.0768 (0.0269) *** 

P_NONWHITE 0.1349 (0.0245) *** 0.1501 (0.0307) *** 0.1865 (0.0254) *** 

P_POV -0.2493 (0.0880) *** -0.2163 (0.0871) *** -0.1558 (0.0872) *** 

D_GOVNON -0.2724 (0.0110) *** -0.2695 (0.0111) *** -0.2480 (0.0109) *** 

log(AFFORD)* 0.0027 (0.1033) 
 

-0.0410 (0.1067) 
 

-0.1240 (0.1033) 
 log(AFFORD)* x P_POV 

   
-0.0297 (0.0271) * 

   log(AFFORD)* x D_GOVNON 
     

-0.0984 (0.0105) *** 

                    

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Model (2B) contains the estimation results for the interaction between community 

enabling resources and the instrumented affordability measure and its association with 

the delivery of high quality care.  As expected, the coefficient of the interaction between 

log(AFFORD)* and P_POV is less than zero and significant suggesting that the effect of 
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affordability as operationalized by cost to income ratio (δ = -0.0297, 90% CI = [-0.0906, -

0.0021]) decreases as community enabling resources decrease as operationalized by the 

proportion of the population that is below the 200% poverty level.  All else being equal, a 

standard deviation decrease in P_POV is associated with a 5.2% (= 1 – e
-0.0534

) decrease 

in the ODDS of delivering high quality care due to a one standard deviation increase in 

log(AFFORD)*. 

Model (3B) contains the estimation results for the interaction between individual 

enabling resources and the instrumented affordability measure and its association with 

the delivery of high quality care.  Consistent with prior results, we find that the 

coefficient of the interaction between log(AFFORD)* and D_GOVONON is less than 

zero and significant, suggesting that the effect of affordability as operationalized by cost 

to income ratio (δ = -0.0987, 99% CI = [-0.1249, -0.0716]) decreases as individual 

enabling resources decrease as operationalized by the proportion of patients covered by 

government assistance health programs or uninsured.  When the other regressors remain 

constant, a standard deviation decrease in D_GOVNON is associated with a 6.8% (= 1 – 

e
-0.0701

) decrease in the ODDS of delivering high quality care due to a standard deviation 

increase in log(AFFORD)*.  Therefore, we find support for hypotheses 2A and 2B which 

hypothesize a greater effect of affordability on the delivery of high quality health care at 

low levels of enabling resources compared to high levels of enabling resources. 
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Consistent with prior analyses, we perform full model tests including the three-way 

interaction (Table 4-13).  Model (4B) contains the full model estimation results including 

the interaction between log(AFFORD)*, P_POV, and D_GOVNON.  We find that after 

including the tacit interaction between P_POV and D_GOVNON, the coefficient of the 

three-way interaction is less than zero and significant (δ = -0.0829, 99% CI = [-0.1017, -

0.0419]).  We also graph the interaction between log(AFFORD)* and D_GOVNON at 

different levels of P_POV  by coding the low enabling resources groups using the 

respective medians as before (see Figure 4-5). 

Table 4-13:  Third stage full model results of three-stage 

parametric bootstrapping analyses for effect of the 

affordability instrumented variable (log(AFFORD)*); 

Binomial logit GLMM results with random intercepts for 

each PCSA; Dependent variable: proportion of patients 

receiving high quality diabetes care; N = 357, PCSAs = 

116. 

  (4B)   

Intercept -1.5787 (0.0502) *** 

log(D_N) 0.1439 (0.0119) *** 

REPORT 0.1751 (0.0293) *** 

D_MCARE -0.0479 (0.0200) *** 

P_AGE18_64 0.0962 (0.0280) *** 

P_NONWHITE 0.2035 (0.0294) *** 

P_POV -0.2259 (0.0900) *** 

D_GOVNON -0.1507 (0.0191) *** 

log(AFFORD)* -0.0122 (0.1088) 
 log(AFFORD)* x P_POV 0.1183 (0.0286) ** 

log(AFFORD)* x D_GOVNON -0.2210 (0.0383) *** 

P_POV x D_GOVNON 0.1053 (0.0292) *** 

log(AFFORD)* x P_POV x D_GOVNON -0.0829 (0.0116) *** 

        

* p < 0.10, ** p < 0.05, *** p < 0.01. 
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Figure 4-5:  Third stage interaction plots for three-stage parametric bootstrap; Dependent 

variable: proportion of patients receiving high quality diabetes care; N = 357, PCSAs = 

116. 

 

As hypothesized, the ODDS of delivering high quality care decrease with 

log(AFFORD)* and the effect of log(AFFORD)* is increased at lower levels of 

community and individual enabling resources.  Consistent with prior full model analyses, 

the effect of log(AFFORD)* at lower levels of both community and individual enabling 

resources is substantially greater when compared to the effect of log(AFFORD)* at 

higher levels of both community and individual enabling resources (i.e., TRUE-TRUE vs. 

FALSE-FALSE).  We therefore find support for hypotheses 1, 2A, and 2B which 

hypothesizes that affordability will be positively associated with the delivery of high 
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quality health care and that its effect should increase with lower levels of enabling 

resources.    

4.5.5  Summary of Results 

In summary, our results show a positive association between affordability and the 

delivery of high quality care.  Further, the effect of IT functionality utilization is 

mediated by affordability where IT functionality utilization improves affordability by 

reducing the cost of care to income ratio, providing partial support for hypothesis 1.  As 

expected, the effect of affordability is greater as community and individual enabling 

resources decrease, providing support for hypotheses 2A and 2B.  Results from the full 

sample and propensity score matching tests show a consistent mediation effect of 

affordability on the relationship between IT functionality utilization and the delivery of 

high quality care.  Results from the full sample, split sample, propensity score matching, 

and three-stage bootstrapping tests show consistent moderation effect of affordability on 

the relationships between community and individual enabling resources on the delivery 

of high quality care. 

4.6  Discussion and Conclusions 

4.6.1  Implications and Major Findings 

This study built on the study in Chapter 3 by focusing on the role of IT leveraging 

competence in health care supply chain design for affordable access to primary care.  We 

demonstrated that clinics with lower cost to income ratios were associated with the 

delivery of high quality care.  In terms of affordability‟s role in reducing disparities in 



 

   

154 

 

care delivery due to differences in community and individual enabling resources, we find 

that the negative association between cost to income ratio and the delivery of high quality 

care increases as enabling resources decrease.  Therefore improving affordability by 

reducing the cost to income ratio decreases the disparities in care delivery due to lower 

levels of enabling resources.  These results are consistent with other studies which find 

that improving affordability can result in improved adherence to treatment and 

medication (Brook et al. 1983; Lohr et al. 1986; Mojtabai and Olfson 2003).  Rather than 

individuals foregoing necessary treatment to improve the control of a chronic disease 

condition, improving access to health services as prescribed improves the provider‟s 

ability to deliver high quality care.  Our results also suggest that IT functionality 

utilization can assist in obtaining these quality improvement benefits by lowering the 

costs in the delivery of care.  As such, our results provide further support for information 

technology intervention as a cost reduction effort in care delivery (Evans et al. 1999; 

Miller and West 2007; Overhage et al. 1997; Teich et al. 2000; Tierney et al. 1993; 

Wilson et al. 1982).  Affordability, therefore, can serve as an effective mechanism that 

links the supply side interventions in care delivery with the demand side in order to 

improve access to quality health care for chronic disease (Sinha and Kohnke 2009). 

Beyond the benefit of IT functionality utilization on improving affordability, we 

found that IT infrastructure and IT inter-organizational information exchange is 

positively associated with higher costs in care delivery.  These results are not surprising 

given that costs of adoption and implementation of information technology in clinical 
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settings are widely documented as a barrier (Shields et al. 2007).  Costs associated with 

information technology interventions do not stop at the initial investment, but continue 

beyond the implementation process including change management and support services, 

to costs associated with interoperability of IT systems as interoperability goes beyond 

organizational boundaries to enable inter-organizational information exchange (see 

Shekelle et al. 2006).  The results suggest that there is an apparent trade-off between the 

costs of improving IT capability and the quality benefit of the IT capability.  Therefore, 

incentives to induce providers to improve health care quality through information 

technology interventions may be contingent on the relative magnitude of expected costs 

and benefits (Rosenthal and Frank 2006). 

Regarding the effect reversal of IT functionality utilization on the delivery of high 

quality care after affordability entered the quality improvement delivery model, we offer 

the following explanation.  As Rosenthal and Frank (2006) comment, there is a potential 

for the „multitasking problem‟ in care delivery where the focus of the information 

technology intervention takes attention away from other objectives.  As such, suspending 

tasks and later returning to them can impose a „cognitive overload‟ that may result in 

tasks not been completed (Collins et al. 2007).  Beyond cost savings obtained from IT 

functionality utilization, our results suggest that an unintended consequence of cognitive 

overload is lower quality of care.  Due to the multitasking and interrupt-driven nature of 

care delivery work, beyond the cost-reducing benefits, IT functionality utilization may 

increase the likelihood of a slip or mistake (Collins et al. 2007).  Introducing technology-



 

   

156 

 

enabled “forcing functions” disrupts the care delivery activities to force a specific 

behavior that could result in unintended consequences (Norman 1988).  To reduce the 

effects of these unintended consequences and improve the effectiveness of the use of 

information technology, the potential mismatch between IT functionality and the 

information processing demands of health care delivery should be carefully considered 

(Ash et al. 2004; Daft and Lengel 1986; Goodhue 1995).     

4.6.2  Contributions and Future Research Directions 

In this study we build on the framework proposed in Chapter 3 and empirically examine 

the association between affordability and disparities in care delivery due to differences in 

community and individual enabling resources in primary care settings.  In particular, this 

chapter highlights the tradeoffs between the costs associated with improving IT 

capabilities and the benefits of improving the quality of health care in different primary 

care settings.  The study in this chapter makes the following contributions.  First, in the 

domain of health care supply chain design, we incorporate literature from health policy, 

health care disparities, affordable housing, education, and marketing to inform the 

literature of supply chain management and IT capabilities by evaluating the roles of intra- 

and inter-organizational technology interventions to improve affordable access to high 

quality care.   

Second, we also evaluate affordability as a mechanism to reduce disparities in care 

delivery.  Rather than assuming that cost reductions in care delivery lead to rationing and 

lower quality care (Chelimsky 1993), our findings are consistent with counter arguments 
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that affordability can lead to improved access to health services that can ultimately lead 

to improved health outcomes.  Second, we provide an illustrative context where by 

applying the task-technology-fit lens our results justify concerns regarding „unintended 

consequences‟ due to the multitasking problem when leveraging IT in the care delivery 

process (Ash et al. 2004; Collins et al. 2007; Goodhue 1995).  These results can inform 

information technology system designers and users in deciding to what extent to leverage 

IT functionalities in managing the multitasking nature of care delivery.   

Third, this study provides support for the effectiveness of policy decisions regarding 

financial incentives for quality improvement (Rosenthal and Frank 2006).  Based on our 

results, programs such as the HITECH Act which are aimed at incentivizing the adoption 

and use of information technology may have merit as a policy tool to improve quality and 

efficiency while at the same time reducing costs in the delivery of health care.  As such, 

policy incentives for technology-enabled interventions that result in more affordable care 

can serve as levers that reduce disparities in health care due to socioeconomic position. 

Given that this study uses the same data sources as the study in Chapter 3, the same 

limitations apply.  Therefore, this chapter does have the limitation of being an 

observational study using a cross section of clinics in a given state, the payments for 

health services, their technology competences, enabling resources that they must contend 

with, and associated quality of care for a single chronic disease which has implications 

with regards to model identification.  In order to reduce the potential for model 



 

   

158 

 

dependence and bias, we employed subsample and matching methodologies.  Although 

the decision to leverage IT may be endogenous, we believe that our sample of primary 

care clinics operating in a single state controls for incentives for leveraging IT due to 

federal and state level health care reform mandates.  Extensions of this study with 

longitudinal data, other geographic regions, as well as different disease and clinical 

delivery contexts would provide robustness and generalizability to the reported findings.  

Studies that include costs associated with IT capabilities (i.e., investment, support, 

training) would be desirable to allow for benefit-cost analysis both from the business case 

as well as from the health services case.  More detailed IT leveraging measures such as 

IT investment, actual usage and amount information exchange measures would be 

beneficial in evaluating their relative effects on affordability.  Further, the payments 

received for health services for the different categories of payers (i.e., non-insured, 

government assistance, commercial insurance, Medicare) would provide more insights as 

to the relative effects of different financial mechanisms on access to quality health care 

by the different population groups.  The inclusion of more granular socioeconomic 

population variables such as employment and education at the community as well as at 

the clinic level would be beneficial.  Finally, health outcome measures are desirable to 

evaluate the link between process quality improvement and health outcomes. 

Spending on information technology in clinical settings is widely regarded as having 

enormous potential for quality improvement, efficiency gains, and cost reductions 

(Chaudhry et al. 2006).  Further, it has been regarded as a critical component in 
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disparities reduction.  However, without better information on how leveraging IT in care 

delivery can translate to such benefits for different population segments, policymakers 

making decisions on incentives may not be able to determine if they are bridging the 

“digital divide” or whether information technology incentives in health care are suffering 

from the “productivity paradox” (Brynjolfsson and Hitt 1996; Rosenthal and Frank 2006; 

Walsham et al. 2007).  In this chapter we identify and evaluate a mechanism, namely 

affordability, which can bridge supply side technology-enabled interventions with the 

demand side in order to better serve the more vulnerable and most impacted patient 

populations in health care disparities which traditionally receive care in under-resourced 

clinical settings.  Improving affordability through the leveraging of IT in care delivery 

can increase access to required chronic care management health services, ultimately 

improving the quality of care delivery and health outcomes. 
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Chapter 5 :  Quality Primary Care for Behavioral Health 

 

“Mental health is an integral and essential component of health”. 

~ World Health Organization (2010a) 

5.1  Introduction 

The World Health Organization (2001) estimates that one in four people will experience 

a behavioral health condition in their lifetime.  Behavioral health illnesses have been 

argued to be a major cause of disability illnesses in the United States, Canada, and 

Western Europe (New Freedom Commission on Mental Health 2003).  In particular, 

those in lower socioeconomic positions or disadvantaged are at greater risk of and 

vulnerable to behavioral health disorders. Many individuals with chronic conditions 

suffer from multiple disorders requiring the coordination of care across providers. 

Diagnosing behavioral health problems can be difficult more so in primary care settings 

due to behavioral health problems often manifesting as physical symptoms in conjunction 

with behavioral changes.  As a result, patients can exhibit a variety of symptoms.  

Therefore, the World Health Organization urges health systems to provide integrated 

behavioral and physical health care through primary care which will require increased 

attention to communication and collaboration between specialists (i.e., psychiatrists) and 

primary care providers (Simon 1998).  “As treatment is affordable and cost effective, all 

health services should include a mental health component” (WHO 2010b).     
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Efforts towards more intensive behavioral health treatment come at a time of 

increasing pressure to control health care costs and result in administrative restrictions 

and financial incentives to reduce the proportion of patients seen by behavioral health 

specialists and to speed their transfer back to primary care where treatment costs are 

lower  (Simon 1998; Simon et al. 1995).  As an integral part of the health care supply 

chain, primary care not only helps prevent illness and death, but as a point of first contact 

can also reduce the difficulty in accessing needed health services (Starfield et al. 2005).  

It is in the context of primary care where a large majority of health care needs and the 

management of health related problems can be addressed before they become acute 

enough to require hospitalization or emergency services.  As a point of first contact, the 

primary care provider can perform exams or lab tests to rule out other conditions that 

may have the same symptoms as behavioral disorders as well as checking if certain 

medications may be affecting the patient‟s mood or behavior (National Institute of 

Mental Health 2011).   

The difficulty lies in that primary care often fails to deliver appropriate specialty care, 

including behavioral health care.  Despite their prevalence, associated disability, costs, 

and treatability, behavioral health disorders are routinely inadequately assessed and 

managed due to competing demands inherent in the primary care settings that need to be 

addressed (Kroenke et al. 2000).  As such, it is suggested that providing appropriate 

behavioral health care in primary care requires additional resources (Simon 1998).  Yet, 

as programs to subsidize access to care for the uninsured or underserved continue to 
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erode, resources for patients with behavioral health problems are becoming inadequate 

resulting in the growing struggles of primary care providers to effectively and sustainably 

diagnose and treat behavioral health disease conditions.   

We incorporate a social perspective to behavioral health care which assumes that 

what determines how individuals respond to stressful events is largely due to the social 

conditions that they face which vary substantially across social groups and societies (see 

Horwitz 2010).  This perspective allows us to identify elements of the broader 

community environment that influence behavioral health and therefore should be 

incorporated into the conceptualization of the “bundle” of care elements that are provided 

(Sinha and Kohnke 2009).   The focus of the study in this chapter is on evaluating 

behavioral health care through the supply chain for primary care in the broader 

community and environmental context.  The primary research question guiding this study 

is:   

RESEARCH QUESTION:  Does the delivery of quality behavioral 

health care through the supply chain for primary care improve behavioral 

health and reduce disparities in behavioral health due to community 

characteristic differentials?  If so, how? 

In addressing this question, we evaluate relationships between the characteristics of the 

community as well as the primary care settings on the quality of behavioral health care.  

We begin with a review of selected literature related to the sociology of behavioral 

health.  We then present the theoretical foundation of the study in this chapter and 

develop hypotheses that guide the empirical analysis.  The subsequent section outlines 
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the research design, including the data sources, measures, and methods employed.  We 

then move on to summarize the results.  In the final section, we discuss the key findings 

as well as the contributions of this study to theory and practice, the study‟s limitations, 

and directions for future research.  

5.2  Literature Review 

Drawing from literature on sociology, in which one of the goals is to understand the 

connections between social and personal problems, an individual‟s despair may be deeply 

personal, but their problems are deeply social (Mirowsky and Ross 1986).  In their 

Review on the sociology literature on distress, Mirowski and Ross (1986) identify that 

there three main forms of distress, namely (i) malaise, (ii) anxiety, and (iii) depression, 

and that these three forms of distress are interrelated and for the most part 

interchangeable.  This stream of work has identified four basic social patterns of distress: 

(i) socioeconomic status is negatively associated with distress, (ii) women tend to be 

more distressed than men, (iii) marriage reduces distress, and (iv) undesirable events are 

positively associated with distress.  The results of research in this area finds that 

individuals in lower socioeconomic positions tend to have a sense of personal 

powerlessness which undermines the will to seek and take effective action.  Further, that 

major distress is caused by events that upset the expected sequence and rhythm of life, 

such as job disruption which typically decreases the sense of self-esteem and mastery and 

in turn is associated with increases in depression.  Mirowsky and Ross (1986) conclude 

that “people in lower socioeconomic positions have a triple burden: they have more 
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problems to deal with, their personal histories are likely to have left them with a deep 

sense of powerlessness, and that sense of powerlessness discourages them from 

marshaling whatever energy and resources they do have in order to solve their problems” 

(p.30).     

The sociology literature views individual despair as a multi-level phenomenon.  

Individuals living in disadvantage communities may suffer psychologically as a result of 

the environment.  In her work on community effects on distress, Ross (2000) suggests 

that disadvantaged communities as exemplified by spatially concentrated poverty and 

single-parent families would result in eroded public order leading individuals to face a 

threatening and noxious environment which may be distressing.  Disadvantaged 

communities lack economic and social resources that contribute to public order.  

Ultimately, the daily stress associated with living in a community where danger, trouble, 

and crime are common may produce feelings of depression.  She finds that although 

depression is high among disadvantaged individuals, there is a significant contextual 

effect of community on despair beyond individual socio-demographic effects.      

Depression is one of the most prevalent and treatable behavioral disorders and is 

regularly seen by a wide spectrum of health care providers (Kroenke et al. 2001).  A shift 

away from specialty care and toward primary care for depression and other behavioral 

health disorders raises concerns about quality of care and patient outcomes.  As Simon 

(1998) comments, primary care physicians are the “de facto” providers of treatment for 
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depression as well as the “gatekeepers” for granting access to behavioral health specialty 

services.  Yet, there is a significant debate on the effectiveness of primary care in 

diagnosing and treating depressive illnesses.  Consistent with the literature on supply 

chain integration (i.e., Lee 2000), there has been a considerable push towards the 

integration of behavioral health care with primary care as a way to address the apparent 

shortcomings of primary care (i.e., National Institute of Mental Health 2011).  A 

specialist‟s level of involvement with individual patients will vary widely ranging from 

direct behavioral health care management by a specialist to less involved routine follow-

up performed in primary care.  As Simon (1998) envisions, “specialists will have a 

prominent role in liaison, consultation, and collaborative management of patients” 

resulting in a shift towards more “collaboration and communication with primary care 

colleagues” (p.7). 

Such health care supply chain integration can be enhanced by the frequency and 

effectiveness of communication as well as a sense of shared responsibility for the same 

patient population (Simon 1998).   Coordination has been argued to be a means for health 

care organizations to cope with the pressures to improve the quality of care, and at the 

same time provide more efficient and cost effective care (Gittell et al. 2000).  Relational 

coordination focuses on the coordination between the roles that individuals are typically 

assigned to in order to carry out the various tasks in a process and has been specifically 

found to be effective in contexts that experience high levels of task uncertainty, 

interdependence, and time constraints.  In the context of health care delivery, distinct 
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groups (i.e., physicians, nurses, case managers) perform a variety of tasks when 

providing cross-functional care in which relational coordination was found to be 

associated with improved quality of care and efficiency of care (see Gittell 2009).  The 

central argument is that relational coordination ultimately improves a work process 

through improved relationships and communication between the roles or functions that 

make up the process.  Whereas the strength of the relationships between the different 

roles in coordination consists of shared knowledge, shared goals and mutual respect, the 

strength of communications between the different roles consists of frequent, timely, 

accurate, and problem-solving communication. 

5.3  Theory and Hypotheses 

The scarcity of resources for behavioral health and the inequity in access to them as well 

as inefficiencies in their use can ultimately have detrimental effects on disability, human 

suffering, and economic loss (Saxena et al. 2007).  Quality health care can be evaluated 

on metrics related to the structure of health care, the health care delivery process, or 

ultimately health outcomes (see Brook et al. 1996).  On one extreme, the structure of 

health care is related to the characteristics of providers and organizations.  Such 

characteristics may include capacity (i.e., staffing) and specialty (i.e., pulmonologists) 

which are related to quality health care.  On the other extreme, health outcomes refer to 

patients‟ subsequent health status after care has been provided (i.e., severity).  In order to 

link structure to outcomes, the health care delivery process considers the components of 

the encounter between the health care system and the patient (i.e., diagnosis and 
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treatment).  In addition, research interest on up stream contextual elements has grown in 

order to provide insight into the macro-level conditions that have an influence on the 

utilization of health care services and generate behavioral health disparities (Aneshensel 

2009; Andersen 1995; Wandersman and Nation 1998).  In a broader sense, assessing the 

impact of people‟s surroundings allows us to consider a broader range of factors affecting 

health outcomes (Andersen et al. 1994).  Therefore, we consider structural, process, and 

outcomes in conjunction with up stream contextual and environmental elements in our 

theory development.   

5.3.1  Physical Environmental Characteristics 

As an integral and essential component of health, behavioral health is determined not 

only by biological factors, but also by physical and social environmental factors 

(Aneshensel and Sucoff 1996; Dalgard and Tambs 1997; Horwitz 2010; Ross 2000; 

Turner and Lloyd 1999; Weich et al. 2002; Yen and Kaplan 1999).  In particular, 

community environmental characteristics have received a significant amount of attention 

due to research establishing variation between communities for some behavioral health 

outcomes that is partially attributed to isomorphic differences in community 

socioeconomic disadvantage (Aneshensel 2009).  Such results are consistent with 

sociological approaches to psychological well-being which predict that especially taxing 

living conditions, roles, and relationships will be related to low levels of psychological 

well-being (Horwitz 2010).  Stress exposure along with community environmental 

resources can raise or lower distress and disorder in general (Turner and Lloyd 1999).   
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The built environment is commonly referred to as the physical form of communities 

including how land is used, the built features of communities, and their transportation 

systems (Brownson et al. 2009).  It provides the human-made resources and infrastructure 

to support human activity.  The characteristics of the built environment can be used to 

design interventions aimed at changing the physical environment to provide access to 

opportunities and support services to help people develop healthier behaviors (Brownson 

et al. 2006).  In particular, the built environment can be improved through a myriad of 

community policy decisions (i.e., zoning regulations and building codes, street lighting, 

street crossings, sidewalk continuity, street connectivity, public transportation) 

(Brownsone et al. 2006; Brownson et al. 2009).  Building on the structural health care 

quality argument, access to behavioral health services requires an infrastructure in place 

that can ultimately enable the proper diagnosis and treatment of a given behavioral health 

disorder (Sinha and Kohnke 2009).  Therefore, we expect that communities associated 

with greater human-made resources will be associated with greater access to 

opportunities and support services that can ultimately impact behavioral health.    

HYPOTHESIS 1A (H1A):   Community built environment is positively 

associated with behavioral health outcomes. 

In a broad sense, ecosystems play the role of life-support systems, not only for 

people, but for all other forms of life (WHO 2005).  As a result, part of the focus of 

environmental sciences concerns with the impact of the ambient quality (i.e., air, water, 

soil) on health (Andersen et al. 1994).  In response to concerns about the safety provided 
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by existing standards for environmental exposures and the potential for adverse effects 

due to ambient pollutants, we specifically consider the detrimental effects of 

environmentally hazardous pollutants on health (i.e., Bascom et al. 1996).  In many cases, 

the communities and their populations who are affected adversely by changes in ambient 

quality are highly vulnerable and are ill-equipped to cope with the impact (WHO 2005).  

In epidemiologic studies which examine the association between exposure and health 

effects in communities, the presence of a pollutant in ambient is presumed evidence of 

exposure which increases the likelihood of negatively impacting health through 

inhalation, ingestion, or skin contact (Bascom et al. 1996).  Although most evidence of 

pollutant effects on health are on physical ailments (i.e., lung function, respiratory 

symptoms, blood pressure) there is also abundant evidence that links pollutants to 

behavioral health (i.e., neurobehavioral functions, behavioral conduct disorders, 

neuropsychiatric symptoms, posttraumatic stress disorder)  (see Bascom et al. 1996; 

Evans 2003).  In addition, traffic and other community hazards, which are associated with 

physical and social incivilities can indirectly impact behavioral health (Weich et al. 

2002).  As such, we expect that ambient quality is associated with behavioral health 

outcomes.   

HYPOTHESIS 1B (H1B):   Community ambient quality is positively 

associated with behavioral health outcomes. 
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5.3.2  Social Environmental Characteristics 

From an ecological perspective, the community social environment presents both risk and 

protective factors on emotional well-being (Aneshensel and Sucoff 1996).  Care of 

people with behavioral disorders draws on community resources both formal (i.e., health 

care systems, and social and rehabilitative services) and informal (i.e., family, friends, 

and other social networks) as well as on human (i.e., psychiatrists and social workers) 

and economic resources (i.e., a specified public budget for behavioral health) (Saxena et 

al. 2007).  Therefore, the community social characteristics that can increase the quality 

and accessibility of behavioral health care available to those in need can be viewed as a 

social response to behavioral problems (Dalgard and Tambs 1997).      

As discussed in previous chapters, “access to medical care depends on who people are 

and where they live” (Andersen et al. 2002, p.384).  That beyond the enabling resources 

that individuals possess, the contextual effect has been argued to add collective 

socioeconomic disadvantages that result from a lack of resources or opportunities at the 

community level.  Community enabling resources, such as the availability of health 

personnel and facilities where people live, must be present for the utilization of health 

care services to take place (Andersen 1995).  The unequal distribution of behavioral 

health care resources between communities can influence behavioral health service 

utilization and therefore ultimately have an impact on behavioral health outcomes 

(Saxena et al. 2007).  Ultimately, improving access to behavioral health services will 

require the availability of and proximity to services for proper diagnosis and treatment 
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(Sinha and Kohnke 2009).  As such, we expect that communities with more health care 

resources for behavioral health needs will be associated with greater utilization of 

behavioral health care services ultimately leading to better behavioral health outcomes.     

HYPOTHESIS 1C (H1C):   Community behavioral health care 

resources are positively associated with behavioral health outcomes. 

According to the World Health Organization (2010a), beyond the multiple 

psychological and biological factors that determine the level of behavioral health of an 

individual, persistent socioeconomic pressures are also recognized as a risk factor to 

behavioral health for individuals and their communities.  The between-neighborhood 

variation in behavioral health is partially due to differences in community socioeconomic 

disadvantage (Aneshensel 2009).  The social environmental characteristics of a 

community can determine the social status of individuals and their ability to cope with 

presenting problems and command the necessary resources to deal with such problems 

(Andersen 1995).  Residents of communities that suffer from the socioeconomic 

pressures suffer psychologically as a result of disorder in their communities because of 

the daily stress associated with living in a community that lacks the economic and social 

resources that contribute to public order which results in greater violence and a sense of 

insecurity (Ross 2000).  In addition, individuals may be more likely to experience the 

stress of other community members regardless of one‟s own circumstances (Yen and 

Kaplan 1999).  Ultimately, the health status of individuals is likely associated with the 

balance between of stressors and resources available within a community (Kawachi 
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1999).  Therefore, we expect that the socioeconomic status of a community will be 

associated with the economic resources required to improve or even maintain the health 

of individuals.    

HYPOTHESIS 1D (H1D):   Community socioeconomic status is 

positively associated with behavioral health outcomes. 

Psychosocial resources are suggested to be associated with the ability to manage 

stress and thereby account for part of the observed behavioral health disparities 

(Aneshensel 2009).  According to stress theory, psychosocial resources may affect 

behavioral health by buffering individuals from stress exposure (Turner and Lloyd 1999).  

As a psychosocial resource, social support refers to the degree to which individuals have 

access to social resources, in the form of relationships, which they can rely on in the time 

of need (Sarason et al. 1983; Turner and Lloyd 1999).  The presence of such psychosocial 

resources, such as large social networks, are believed to provide individuals with regular 

positive experiences which can be associated with a sense of predictability and stability 

in one‟s life situation as well as assist in avoiding negative experiences that otherwise 

would decrease the probability of well-being (Cohen and Wills 1985).  Social support can 

also help bolster or maintain self-esteem resulting in improving one‟s psychological state 

(Thoits 1982).  Furthermore, social support should be thought of as a component of the 

therapeutic process and has been associated with increasing patient compliance to 

prescribed treatment regimens (Cobb 1976).  These arguments have led to the hypotheses 

that social support contributes to positive adjustment and personal development and 
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provides a buffer against the effects of stress (Sarason et al. 1983).  Therefore, we expect 

that access to social support resources would alleviate the stress of coping with 

behavioral health disorders resulting in improvements in behavioral health outcomes.           

HYPOTHESIS 1E (H1E):   Community social support is positively 

associated with behavioral health outcomes. 

5.3.3  Quality Primary Care Characteristics 

Treatments and services for behavioral health disorders are provided in a variety of 

settings ranging from outpatient specialty and primary care to inpatient care.  We 

consider the quality of primary care due to the dramatic surge in behavioral health 

services offered in outpatient settings (Horwitz 2010).  In particular, by moving to the 

process view of quality care, we consider elements of behavioral health care at the point 

of care and conceptualize quality primary care as IT-enabled, evidence-based, and 

affordable.   

Consistent with the integrated behavioral and physical health care vision, providing 

coordinated care between providers requires that the primary care provider direct patients 

overall care by coordinating services among the various providers.  The primary care 

provider may start treatment and help manage the behavioral health problem with or 

without the help of a behavioral health case manager.  The primary care provider may 

also refer the patient to a behavioral health specialist (psychiatrist, psychotherapist, or 

other behavioral health specialist).  In either case, all providers should have a complete 

history of symptoms, when they started, how long they have lasted, their severity, 
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whether they have occurred before, and if so, how they were treated (National Institute of 

Mental Health 2011).  Given that medications can work well to treat various behavioral 

health disorders, regular contact with a pharmacy is also required.  The coordination of 

care across providers and locations “is a defining characteristic of primary care and is of 

critical importance for persons with chronic disease” (Rothman and Wagner 2003, 

p.256).     

Information processing and information management have been touted as 

fundamental to high quality health care (Chassin and Galvin 1998).  In particular, the use 

of information technology is expected to improve care quality through more accurate 

documentation, rapid retrieval of information, management of complex information, and 

enhanced communication (Millery and Kukafka 2010).  The ability to leverage 

information technology therefore enables consistent and near real-time transfer of 

information between roles and functions that are distributed across supply chain partners 

ultimately reducing uncertainty and improving quality in the delivery of care.  Gittell 

(2009) has argued that in addition to IT‟s benefit in accomplishing individual tasks, IT 

also has the ability to coordinate tasks between functions by increasing shared knowledge 

across functions and ultimately enabling users to engage in more timely and accurate 

communication with each other.  Benefits obtained from information sharing and 

exchange through the acquisition, distribution, and interpretation of information have 

been shown to be effective in operations and supply chain settings by improving quality, 

reducing cycle times,  and overall operational excellence (Barua et al. 2004; Hult et al. 
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2007; Rai et al. 2006).  Further, in information and knowledge intensive contexts, IT 

leveraging competence can improve functional competencies through an organization‟s 

ability to effectively execute operational processes (Pavlou and El Sawy 2006).   Hence, 

we hypothesize that behavioral health care coordination benefits from leveraging IT will 

result in improved behavioral health outcomes. 

HYPOTHESIS 2A (H2A):   IT-enabled primary care is positively 

associated with behavioral health outcomes. 

In an effort to improve health care outcomes, evidence-based medicine is receiving 

significant attention as it introduces a scientific method to medical decision making.  

Such an approach is expected to render the profession of medicine more scientific in 

order to address ongoing variation in the delivery of care and escalating health care costs 

(Timmermans and Kolker 2004).  In addition, by incorporating such practices or 

interventions for which there is consistent scientific evidence is also a means for 

improving patient outcomes (Drake et al. 2001).  In accordance with this momentum, 

expert panels are commissioned to develop clinical practice guidelines to assist health 

care providers and patients in their decisions about the appropriate health care for specific 

clinical circumstances.  Given the deficiencies in primary care with frequent non-

recognition of behavioral health symptoms and duration of treatment (Simon 1998), 

evidence-based instruments for making diagnoses and assessing behavioral health 

disorders have been developed.  Treatment decisions are typically complex and may 

depend on a series of decisions based on the responses from patients to previous decision 
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steps (Drake et al. 2001).  As such, practices that are developed from scientific evidence 

to support them can be used to assist primary care providers in diagnosing as well as in 

assessing response to treatments over time by mapping out a series of decision points 

(i.e., Coulehan et al. 1997; Drake et al. 2001; Kroenke et al. 2001; Kurlander et al. 2009; 

Simon et al. 1995).  We therefore expect that incorporating evidence-based practices into 

primary care will result in improved effectiveness of behavioral health care.   

HYPOTHESIS 2B (H2B):  Evidence-based primary care is positively 

associated with behavioral health outcomes. 

Similar to physical health care, behavioral health care is experiencing pressures to 

rationalize services resulting in cost containment (Brown and Cooksey 1989).  As 

discussed in Chapter 4, inefficiencies in health care services result in excessive test 

ordering, inappropriate diagnoses and treatments, and unnecessary additional health 

services (Evans et al. 1998; Teich et al. 2000; Tierney et al. 1990; Wilson et al. 1982).  

These inefficiencies can translate to additional costs to the care delivery process and as a 

result be passed on to payers and/or patients.  Considering that affordable health care is 

related to a patient‟s ability to manage the expense associated with proper diagnosis and 

treatment in parallel with the financial ability of the health care provider to offer the 

necessary services (Sinha and Kohnke 2009), inefficiencies could result in a financial 

burden that affects the ability of individuals to afford access to treatment more so for 

chronic disease conditions which require sustained care management.  In the case of 

chronic diseases, reductions in health services and medications could result in adverse 
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effects and potentially acute conditions which further complicate the care delivery 

process.  Selective underuse of medications due to cost has been associated with various 

behavioral health disorders.  In particular, cost-related non-adherence (CRN) decisions 

seem to be related to non-cost behavioral health factors such as depression (Kemp et al. 

2010; Kurlander et al. 2009).  As such, there is growing evidence supporting the notion 

that depression increases the risk of CRN.  As such, reducing the financial strain of 

accessing behavioral health treatment should reduce the effect of depression on CRN.  

Therefore, we hypothesize that affordability will be associated with improvements in 

behavioral health outcomes. 

HYPOTHESIS 2C (H2C):  Affordable primary care is positively associated with 

behavioral health outcomes. 

In addition, detecting behavioral health disorders and initiating treatment may be 

necessary but often insufficient steps in improving behavioral health outcomes.  As 

Kroenke et al. (2001) discuss, monitoring response to therapy is also critical in order to 

reduce the potential of medication noncompliance, change or augment pharmacotherapy, 

or add psychotherapy as needed.  In order to reduce uncertainty regarding behavioral 

health symptoms and outcomes, health care providers try to gather and process as much 

information as they can within time and resource constraints through communication 

with patients, other physicians and specialists, as well as results from diagnostic tests and 

clear standards of care (Balsa et al. 2003; Simon 1998).  By improving the 

communication between the roles or functions that make up the behavioral health care 
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process is a way to improve coordination which has been argued to be a means for health 

care organizations to cope with the pressures to improve the quality of care (Gittell et al. 

2000).       

In order to improve the strength of communication between the different roles and 

functions consists of frequent, timely, accurate, and problem-solving communication 

through which coordination can occur (Gittell 2009).  Therefore, communication should 

improve with clear standards of care.  Yet, each intermediate element of the relational 

network contributes to an increased probability of distorting the information as well as 

increasing the delay of information delivery (Huber 1990; Huber 1991).  From 

communication theory, information technology creates information which is 

communicated to the recipient who is then influenced by the information (DeLone and 

McLean 1992).  As a result, information technology can improve communication 

effectiveness resulting in greater adherence to the latest diagnosis and treatment 

knowledge.  Ultimately, the creation of the shared knowledge facilitated by the use of 

information technology is expected to improve the performance outcomes of user‟s 

communication and decision making processes (Gittell 2009; Huber 1990).  Therefore, 

by combining information technology‟s information processing effectiveness and 

enhanced monitoring capabilities, along with the standardized protocols of evidence-

based care, we hypothesize that leveraging IT and evidence-based care are 

complementary. 
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HYPOTHESIS 2D (H2D):   IT-enabled and evidence-based primary 

care are complementary with respect to their positive association with 

behavioral health outcomes. 

5.3.4  Quality Primary Care Characteristics as Moderators 

We also take the view that, as a disparity reduction intervention, elements of quality 

primary care should have a buffering impact from the community physical and social 

environmental characteristics ultimately compressing differences in outcomes between 

community environments (Aneshensel 2009).  Health information technology has been 

regarded as a critical component in reducing disparities in care delivery by improving the 

awareness of both care-givers and patients through timely availability of information for 

the management of chronic disease conditions. Emerging information technologies are 

argued to provide a means to overcome geographic distances that have often hindered 

access to behavioral health care (New Freedom Commission on Mental Health 2003).  

Given that behavioral health care is delivered in a variety of settings, there is the potential 

for information technology to improve access to and coordination of behavioral health 

care, especially for individuals in rural, remote, and underserved areas.  One assumption 

is that information technology will increase the collaboration effectiveness between 

specialists and primary care providers which requires effective sharing of clinical 

information (Simon 1998).  As intermediate nodes are eliminated, the potential for 

information overload increases the need for greater information storage and an integrated 

way to retrieve the desired information.  Further, considering that information to be 

transferred crosses both within and between organizational boundaries, we can 
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conceptualize the distance between the individual members within the organization and 

those external to the organization as a weak tie which has been shown to be detrimental 

to transfer effectiveness when the information to be transferred is complex (Hansen 

1999).   

Information technologies address this dilemma by efficiently facilitating the access to 

information that resides inside and outside an organizational structure, providing 

knowledge that was formerly known to only a relatively few, and hence enabling decision 

making to occur across a greater range of organizational boundaries (Huber 1990).  Such 

a process makes the barriers between subunits, departments, and organizational 

boundaries more permeable.  According to the information processing perspective, 

information is gathered, interpreted, and synthesized in an effort to improve decision 

making (Galbraith 1977, Tushman and Nadler 1978).  In contrast to traditional intra-

organizational information distribution, information technology provides a „virtual‟ 

process that facilitates the coupling of those who require information and potential inter- 

or intra-organizational sources of such information enabling a virtually coordinated 

health care team across geographic locations and settings (Huber 990).  Therefore, rather 

than relying on proximity for communicating and sharing information about the efficacy 

of competing treatments, we hypothesize that less resourced behavioral health care 

settings will obtain a greater benefit from leveraging IT. 
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HYPOTHESIS 3A (H3A):   The relationship between community 

behavioral health care resources and behavioral health outcomes is 

moderated by IT-enabled primary care, such that IT-enabled primary care 

will have a greater positive effect on behavioral health outcomes under 

lower levels of community behavioral health care resources as compared 

to higher levels of community behavioral health care resources. 

Numerous studies have highlighted the difficulty in delivering specialty-level 

treatment in primary care settings (Simon 1998).  With a wide spectrum of providers 

treating behavioral disorders, one would expect that an underlying difference in their 

effectiveness in improving their patients‟ behavioral health would be associated with 

specific knowledge on how to diagnose and treat specific behavioral disorders (Kroenke 

et al. 2001).  As a way to address the differences in specialty-level treatment, a more 

proactive approach toward specialty consultation is suggested leading primary care and 

specialty care providers to communicate frequently and effectively regarding diagnosis 

and treatment decisions (Simon 1998).  Yet, given the unequal distribution of behavioral 

health care resources between communities (Saxena et al. 2007), settings with a dearth of 

specialists may be at a disadvantage in terms of developing specialty consultation 

opportunities and therefore accessing specialty-level diagnosis and treatment knowledge.  

In response, clinical practice guidelines are a way to systematically describe and 

communicate such knowledge in an effort to make it generically and publicly available 

(Nelson 1989).  Therefore, similar to the benefits expected from information technology, 

evidence-based care has the potential to improve access to more effective behavioral 

health care services, especially for individuals in rural, remote, and underserved areas.  
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HYPOTHESIS 3B (H3B):   The relationship between community 

behavioral health care resources and behavioral health outcomes is 

moderated by evidence-based primary care, such that evidence-based 

primary care will have a greater positive effect on behavioral health 

outcomes under lower levels of community behavioral health care 

resources as compared to higher levels of community behavioral health 

care resources. 

In studies that focus on disparities, one of the underlying arguments is that differential 

treatment may be attributable to the patient‟s ability to afford access to treatment and 

medication (i.e., Sequist et al. 2006; Trivedi et al. 2005).  It is economic pressures that 

appear to have the greatest influence on seeking and adhering to needed treatment 

(Kurlander et al. 2009).  Given that socioeconomic status is associated with behavioral 

health and therefore more sensitive to price, affordability can serve as a lever that can 

affect the rates at which individuals of different segments access care as needed.  In their 

work on studying the effect of unemployment of behavioral health, Kessler et al. (1988) 

find that financial strain is a mechanism through which unemployment affects behavioral 

health.  Therefore, cost effective interventions are needed in order to address the more 

vulnerable and most impacted population in health care disparities.  We hypothesize that 

improving affordability in accessing behavioral health care will increase the coping 

capacity of individuals in lower socioeconomic communities to manage the strains that 

they face and as a result have a greater benefit on behavioral health. 
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HYPOTHESIS 3C (H3C):   The relationship between community 

socioeconomic status and behavioral health outcomes is moderated by 

affordability, such that affordability will have a greater positive effect on 

behavioral health outcomes under lower levels of community 

socioeconomic status as compared to higher levels of community 

socioeconomic status.  

5.4  Research Design 

5.4.1  Disease Context 

As a behavioral health disorder, depression typically impairs cognitive focus, energy 

levels, and motivation and is often a co-morbid disorder with other physical chronic 

disease conditions (i.e., diabetes) that are commonly treated by primary care providers 

(Kemp et al. 2010; Pincus et al. 2005).  As such, depression is a prevalent behavioral 

health disorder in primary care settings (Kroenke et al. 2001).  Depression has also being 

linked to more socioeconomically disadvantaged communities (Ross 2000).  Given the 

increasing shift toward primary care management of depression, there is great interest in 

assessing the effectiveness of quality behavioral health care through the supply chain for 

primary care (Pincus et al. 2005). 

5.4.2  Data Collection  

Behavioral Health Outcomes.  As in Chapter 3 and Chapter 4, we use measures from 

Minnesota Community Measurement (MNCM) which is a collaborative effort that 

includes medical groups, clinics, physicians, hospitals, health plans, employers, consumer 

representatives and quality improvement organizations in the state of Minnesota.  

Minnesota HealthScores was developed based on data provided by Minnesota health 
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plans as well as data submitted directly by medical clinics statewide.  Minnesota 

HealthScores is used by medical groups and clinics to improve patient care, by employers 

and patients as vital information about the cost and quality of health care services, and by 

health plans for their pay-for-performance programs.  This study is based on information 

from patient medical records for patients receiving care for depression in clinics between 

January 2009 and June 2010 made available through the Minnesota HealthScores online 

portal (MNCM 2010b).  Clinics collected data from medical records by either extracting 

the data from an electronic medical record through a data query or by abstracting the data 

from a paper-based medical record.  All data elements were specified by MNCM and 

clinics reported their behavioral health data directly to MNCM.  A validation process 

consisting of quality checks of the submitted data files as well as on-site audits is 

performed.  While every clinic within a medical group must submit data to MNCM, a 

performance measure is not publicly reported if a minimum threshold of 30 patients is not 

met.  

 IT-Enabled Primary Care.  This study is based on information from the 2010 health IT 

ambulatory assessment made available through the MNCM 2010 quality report and the 

Minnesota HealthScores online portal (MNCM 2010a; MNCM 2010b).  MNCM reported 

three 4-level measures to assess the use of health IT by clinics in Minnesota.  The first 

measure, labeled „Adopt‟, assesses adoption of an electronic health record (EHR) in order 

to evaluate the level of information about a patient and associated care that is recorded in 

an electronic health record instead of a paper medical record.  The second measure, 
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labeled „Use‟, assesses the extent that clinics use health IT to improve patient care such 

as by ordering lab tests and tracking health problems.  The third measure, labeled 

„Exchange‟, assesses the extent that information about the care provided at a clinic is 

shared amongst pharmacies, doctors, and hospitals. 

Evidence-Based Primary Care.  The Patient Health Questionnaire (PHQ) is an 

instrument for making criteria-based diagnoses of depressive and other behavioral 

disorders commonly encountered in primary care.  The PHQ-9 is a depression scale that 

is significantly shorter and easier to administer than other depression measures, has 

comparable sensitivity and specificity, and consists of the actual 9 criteria upon which the 

diagnosis of DSM-IV depressive disorders is based (Kroenke et al. 2001).  The PHQ-9 

should be administered at every patient-provider contact.  Since each of the 9 items can 

be scored from 0 (not at all) to 3 (nearly every day) the PHQ-9 score can range from 0 to 

27 (see Figure 5-1).  This study is based on information from patient medical records for 

patients receiving care for depression in clinics between October 2010 and January 2011 

and made available through the Minnesota HealthScores online portal (MNCM 2010b). 
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Figure 5-1: PHQ-9 health questionnaire; Source: Minnesota Community 

Measurement 
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Affordable Primary Care.   As discussed in Chapter 4, Minnesota HealthScores reports 

the range of payments made by insurance plans to clinics and medical groups for 105 

common health care services.  The payment amount is based on the agreed amount 

between the health care provider and the individual health plans.  Although the reported 

amounts are based on people who receive insurance coverage through an employer, we 

believe that it still provides a relative indication of care delivery costs which is influenced 

by many other factors besides the insurance plan with whom the payments are negotiated 

with.  This study is based on information made available through the Minnesota 

HealthScores online portal for health services paid by four large health plans in 

Minnesota during 2008. 

Community Physical and Social Environment.  The Robert Wood Johnson Foundation 

collaborates with the University of Wisconsin Population Health Institute on an ongoing 

project to develop County Health Rankings for each state‟s counties according to its 

health outcomes and the multiple health factors that determine a county‟s health.  

Consistent with our study, the project emphasizes that where individuals live does 

influence health due to factors ranging from individual health behaviors, education and 

jobs, to quality of health care, to the environment.  Each county receives a summary rank 

for its health outcomes and health factors and also for the four different types of health 

factors: health behaviors, clinical care, social and economic factors, and the physical 

environment.  This study is based on the 2010 County Health Rankings (Remington and 

Booske 2011). 
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Population Demographics.  Under contract by the Health Resources and Services 

Administration (HRSA), The Primary Care Service Area (PCSA) Project offers the first 

national database of primary care resources and utilization for small areas.  A primary 

care service area (PCSA) represents health care market areas for primary care services.  

The database consists of 6,542 geographic areas defined by aggregating ZIP Code areas 

to reflect Medicare patient travel to primary care providers and includes information 

about pertinent health care resources, population descriptors, health care need measures, 

and Medicare utilization statistics.  PCSAs were defined using 1999 Medicare claims 

data, 2000 Census data, and ZIP Code Tabulation Areas (ZCTAs), which are generalized 

area representations of ZIP Code service areas developed by the U.S. Census Bureau.  

This standardized definition of primary care service areas allows for the comparison of 

primary care outcomes while accounting for differences in population characteristics 

(Goodman et al. 2003).  In this study we use the 2009 PCSA-level population socio-

demographic estimates that were available at the time of collecting the data. 

5.4.3  Measures 

We reviewed the extant literature to operationalize the behavioral health outcomes, 

community physical and social environmental characteristics, quality of primary care 

constructs as well as identifying relevant controls (see Table 5-1).  Following Bharadwaj 

(2000), although problems related to reliability and validity of measures developed from 

large-scale assessments in combination with other publicly available data exist, the 



 

   

189 

 

central counter argument is that industry analysts are reliable and accurate raters in their 

specific industry of expertise. 

Table 5-1: Construct definitions, references, and data sources. 
Constructs References Source 

Behavioral Health Outcomes   

Behavioral Health Status   

Behavioral symptoms that interfere with ones ability to 
work, sleep, study, eat, and enjoy life. 

Kroenke et al. (2001), NIMH 
(2011) 

MN 
Community 

Measurement 
(MNCM) 

Community Environmental Characteristics   

Built Environment   

The human-made resources and infrastructure to support 
human activity. 

Aneshensel & Sucoff (1996), 
Brownson et al. (2006), 

Brownson et al. (2009), Daglard 
& Tambs (1997), Weich et al. 

(2002) 

County Health 
Rankings 

Ambient Quality   

The lack of environmentally hazardous polutants. Bascom et al. (1996), Evans 
(2003), Weich et al. (2002) 

County Health 
Rankings 

Behavioral Health Care Resources  

 Health care resources that ultimately enable the proper 
diagnosis and treatment of a given behavioral health 
disorder  

Saxena et al. (2007), Sinha & 
Kohnke (2009) 

Human 
Recourses 

and Services 
Administration 

(HRSA) 

Socioeconomic Status   

Economic resources to meet basic needs necessary to 
maintain health. 

Aneshensel (2009), Aneshensel 
& Sucoff (1996), Ross (2000), 

Ross & Mirowski (2008), Yen & 
Kaplan (1999) 

County Health 
Rankings 

Social Support   

The degree to which individuals have access to social 
resources through interactions with others which they can 
rely on. 

Aneshensel (2009), Cobb (1976), 
Cohen & Wills (1985), Sarason et 
al. (1983), Thoits (1982), Turner 

& Lloyd (1999) 

County Health 
Rankings 

 
Quality Primary Care 

  

Technology-Enabled Care   

The shared IT resources both physical and human, the use 
of IT functionalities to support an organization's IT-enabled 
activities, and the ability to seamlesly exchange rich and 
timely information with other entities external to the 
organization. 

Barua et al. (2004), Bharadwaj 
(2000), Chwelos et al. (2001), 

Devaraj & Kohli (2003), Pavlou & 
El Sawy (2006), Rai et al. (2006), 

Ray et al. (2004), Ray et al. 
(2005) 

MN 
Community 

Measurement 
(MNCM) 

 
 
 

 (cont.) 
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Evidence- Based Care 

Care delivered according to clinical guideline 
recommendations. 

Doulehan et al. (1997), Drake et 
al. (2001), Kroenke et al. (2001), 
Kurlander et al. (2009),  Sequist 
et al. (2006), Simon et al. (1995), 

Timmermans & Kolker (2004)  

MN 
Community 

Measurement 
(MNCM) 

 
Affordable Care 

  

The ability to manage the expense associated with proper 
diagnosis and treatment in parallel with the financial ability 
of the health care provider to offer the necessary services. 

Gan & Hill (2009), Heller (1997), 
Kemp et al. (2010), 

Kurlander et al. (2009), Sinha & 
Kohnke (2009) 

MN 
Community 

Measurement 
(MNCM) 
Human 

Recourses 
and Services 
Administration 

(HRSA) 

Controls 

 

 

Primary Care Service Area 

 

 

Demographic variables associated with behavioral health 
and access to behavioral health care services.  

Andersen et al. (2002), Brown et 
al. (2004), Davidson et al. (2004), 
Mirowsky & Ross (1986), Pagan 

& Pauly (2006), 
Pescosolido & Boyer (2010), 

Turner & Lloyd (1999) 

Human 
Recourses 

and Services 
Administration 

(HRSA) 

Clinic 

 

 

Clinic-level variables associated with quality health care 
services. 

Devaraj & Kohli (2003), Gittell 
(2002), Kessler et al. (1987) 

MN 
Community 

Measurement 
(MNCM) 

 

Dependent Variables:  We operationalize two measures for behavioral health outcomes 

at the clinic level: the proportion of patients treated in a clinic for behavioral health 

whose score on the PHQ-9 Questionnaire is reduced by half after 6 months 

(B_HEALTH_6) as and after 12 months (B_HEALTH_12).  A reduction in the PHQ-9 

score over time is a sign of improved behavioral health.  Similar measures have been 

utilized in recent studies that study behavioral health effects and status (i.e., Kendel et al. 

2010; Lowe et al. 2004; Richards et al. 2007 ). 
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Table 5-2:  Summary and descriptive statistics of variables. 

Variable Description Mean SD Min Max 

Dependent Variables      

B_HEALTH_6 Proportion of patients who's score on the PHQ-9 
Questionnaire is reduced by half after 6 months 

0.089 0.063 0.010 0.400 

B_HEALTH_12 Proportion of patients who's score on the PHQ-9 
Questionnaire is reduced by half after 12 months 

0.073 0.057 0.010 0.390 

      

Independent Variables     

C_LIQUORSTR Z-score measure of liquor store density for the 
county 

-0.613 0.700 -1.370 1.770 

C_AIR Z-score measure of air quality for the county 0.035 0.051 -0.040 0.170 

C_PSY_POP Ratio of psychiatrists to population in the county 16.360 27.688 0.000 99.400 

C_EDUC Z-score measure of education score for the county -0.026 0.084 -0.180 0.100 

C_NOSUPP Z-score measure adults without social/emotional 
support 

-0.116 0.806 -2.060 1.250 

ITINFRA Indicator = 3 if clinic reports a fully installed EHR 3.000 0.000 3.000 3.000 

ITFUNCT Indicator = 3 if clinic reports the use of health IT 
(EHR) for lab and test results, tracking patient health 
problems, tracking doctors' orders, creating 
benchmarks, and reminding patients when they are 
due preventive care 

2.753 0.662 1.000 3.000 

ITEXCH Indicator = 3 if clinic reports the use of health IT for 
electronic prescribing, safely sending data to 
hospitals in provider's network or outside network 

2.101 0.754 1.000 3.000 

log(AFFORD) log(Average behavioral health services 
costs)/(PCSA median household income) 

-6.272 0.300 -6.803 -5.667 

PHQ_9 Proportion of patients at clinic level that completed a 
PHQ-9 Questionnaire during their visit 

0.799 0.135 0.340 0.980 

      

Control Variables      

P_UNIS Proportion of population in PCSA that is uninsured 0.082 0.007 0.068 0.106 

P_NONWHITE Proportion of population in PCSA that is nonwhite 0.146 0.100 0.019 0.425 

P_FEMALE Proportion of population in PCSA that is female 0.502 0.012 0.459 0.523 

P_AGE18_64 Proportion of population in PCSA that is between 
ages of 18-64 

0.642 0.026 0.574 0.744 

log(B_N6) Log of the number of behavioral health records 
reported with 6 months of care 

5.150 0.690 3.829 7.018 

log(B_N12) Log of the number of behavioral health records 
reported with 12 months of care 

5.072 0.837 3.401 7.253 

            

Note: N = 89, Counties = 19 

 

Independent Variables.  We operationalize 2 measures for community physical 

environment and 3 measures for social environment at the county level.  The first 

measure of community physical environment consists of one measure for the community 
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built environment: the z-score of the county‟s liquor store density (C_LIQUORSTR) from 

the County Health Rankings.  County Health Rankings uses the Census County Business 

Patterns and Census Population Estimates to develop the measure.  Although this 

measure does not capture the „quality‟ of the built environment, the measure provides a 

proxy for the human-made resources and infrastructure to support human activity.  The 

second measure consists of one measure for the community ambient quality: the z-score 

of the community‟s air quality (C_AIR) from the County Health Rankings.  Using two 

measures: annual number of days that air quality was unhealthy for sensitive populations 

due to fine particulate matter and ozone concentrations, the air quality measure provides a 

representation of the pollution in the community which can be detrimental to health.  

County Health Rankings uses data from the CDC-Environmental Protection Agency 

(EPA) Collaboration to develop the score where an increase in the z-score corresponds to 

an increase in pollutants in the ambient.  Both of these measures are an attempt to capture 

characteristics of the physical environment (i.e., built environment and ambient quality) 

which are argued to have an influence behavioral health (Aneshensel and Sucoff 1996; 

Daglard and Tams 1997; Weich et al. 2002).             

The first measure of community social environment consists of one measure for 

behavioral health care resources:  the ratio of psychiatrists to population in the county 

(C_PSY_POP) from the Health Resources and Services Administration (HRSA).  Larger 

ratios correspond to greater behavioral health care resources and therefore this 

operationalization should be interpreted as an increase in behavioral health care resources 
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as the psychiatrists to population ratio in the county increases.  For the second measure, 

we operationalize one measure for community socioeconomic status:  the z-score of the 

county‟s education score (C_EDUC) from the County Health Rankings.  The z-score is 

an attempt to capture the formal years of education within the county population by 

combining two measures: the percent of the ninth grade cohort that graduates high school 

in four years and the percentage of the population over 25 years of age with a 4-year 

college degree or higher.  County Health Rankings uses the National Center for 

Education Statistics and the Decennial Census to estimate the education score.  Larger z-

scores correspond to a greater percentage of the county population who did not complete 

high school in four years and without a college degree.  Therefore, this operationalization 

should be interpreted as a decrease in the community‟s socioeconomic status as the value 

of the county education score increases.  The third community social environment 

measure consists of the perceived social support: the z-score of the county‟s adults 

without social/emotional support (C_NOSUPP) from the County Health Rankings.  

County Health Rankings uses the Behavioral Risk Factor Surveillance System (BRFSS) 

survey data to generate a measure of the social isolation in the community therefore 

would correspond to the lack of access to the types of support provided by social 

relationships.  The three measures for social environment capture three distinct 

characteristics (i.e., behavioral health care resources, socioeconomic status, and social 

support) which are argued to influence behavioral health (Aneshensel 2009; Aneshensel 
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and Sucoff 1996; Ross 2000; Ross and Mirowski 2008; Saxena et al. 2007; Sinha and 

Kohnke 2009; Turner and Lloyd 1999; Yen and Kaplan 1999). 

At the clinic level, we operationalize measures for quality primary care: IT-enabled, 

evidence-based, and affordable.  Consistent with the previous chapters, we use the three 

MNCM health IT assessment measures to operationalize three measures for IT-enabled 

primary care at the clinic level:  IT infrastructure (ITINFRA), IT functionalities 

(ITFUNCT), and IT inter-organizational information exchange (ITEXCH).  We code 

ITINFRA as a continuous variable ranging from 0 to 3 to capture a clinic‟s ability to 

leverage the IT infrastructure available to provide IT services in the process of proving 

care.  We code ITFUNCT as a continuous variable ranging from 0 to 3 to capture the use 

of IT for lab and test results, to track patients‟ health problems and track doctors‟ orders, 

as well as to create benchmarks and remind patients when they are due preventive care.  

We code ITEXCH as a continuous variable ranging from 0 to 3 to capture a clinic‟s 

ability for electronic prescribing and exchanging data with hospitals inside and/or outside 

the doctors‟ network.  One measure for evidence-based behavioral health care is 

operationalized as: the proportion of behavioral health patients who completed a PHQ-9 

Questionnaire during their visit (PHQ_9).  High quality care for treatment of depression 

may include medication, sessions with a therapist or lifestyle changes.  A patient should 

complete the PHQ-9 during each visit in order for the health care provider to both 

diagnose and monitor the severity of behavioral health symptoms.  The clinician scans 

the completed questionnaire, verifies positive responses, and applies the provided 
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diagnostic algorithms (Kroenke et al. 2001).  This approach to care delivery is consistent 

with quality of care measures used for other chronic disease conditions (i.e., Sequist et al. 

2006).  We operationalize one measure for affordability:  the ratio of average behavioral 

health services costs to the median household income in the primary care service area.  

We also take the log of the affordability measure to obtain the final affordability measure 

(log(AFFORD)).  This operationalization should be interpreted as a decrease in 

affordability as the value of the affordability measure increases.   

Control Variables.  We control for various clinic and PCSA level factors that we 

consider to be influential to behavioral health.  Given that the 2011 MNCM quality report 

was not yet available at the time of data collection, we control for size of clinic by taking 

the log of the number of behavioral health patient records reported in the 2010 MNCM 

Quality Report for the 6 month log(B_N6) and 12 month log(B_N12) behavioral health 

measures to MNCM as the proxy for the number of records reported in 2011 (MNCM 

2010a).  At the PCSA level, we control for demographic effects with the proportion of 

the population that is non-white (P_NONWHITE) and the proportion of the population 

that is female (P_FEMALE).  We further control for the size of the workforce by the 

proportion of population in the age group between 18 and 64 (P_AGE18_64).  Lastly, it 

has long been argued that social class is associated with utilization of health services.  

Yet, this association is far from clear for behavioral health services.  Pescosolido and 

Boyer (2010) argue that the lack of association between income and behavioral health 

service utilization is the “patchwork” of insurance coverage in the United States.  
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Therefore, we also control for the insurance status of the population (P_UNIS).  Similar 

individual and community-level variables have been argued to influence access to health 

care services (i.e., Andersen et al 2002, Brown et al. 2004, Davidson et al. 2004, Pagan 

and Pauly 2006), quality of care delivery (i.e., Devaraj and Kohli 2003, Gittell 2002), and 

behavioral health outcomes (i.e., Kessler et al. 1987; Pesosolido and Boyer 2010; Turner 

and Lloyd 1999).       

5.4.4  Statistical Methods 

Using the ZIP Code for the individual clinics, we linked the individual clinics to their 

respective PCSA and county.  In order to reduce the potential for biased standard errors 

in estimating effects of the community level on a clinic‟s level delivery of quality care, 

we continue to employ a mixed effects model with random intercepts that distinguishes a 

county-level residual from the clinic-level one and employ a binomial logit link function 

by utilizing a generalized linear mixed model (GLMM) to estimate the ODDS RATIO for 

patients with improved behavioral health outcomes vs. not with improved behavioral 

health outcomes.   

Let i denote the counties and let j denote the clinics nested within counties.  We 

specify a GLMM logit link function which converts pij, the expected proportion of 

patients with improved behavioral health outcomes in clinic j, to linear predictors with a 

single random effect for county j as follows: 

                                                       (1) 
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where X is the vector of regressors at the PCSA level with effects β, Z is the vector of 

regressors at the clinic and PCSA level with effects  , (XZ) is the vector for interaction 

between the county level and clinic level with   effects, (ZZ) is the vector for interaction 

at the clinic level with   effects, and vi is the random effect for each county.     is 

assumed to be constant across clinics within counties but random across counties and 

assumed to be distributed as N(0, ζv
2
).  The parameter ζv

2
 indicates the variance in the 

county distribution and therefore the degree of heterogeneity between counties.   We 

utilize R and the lme4 package to estimate the GLMM models.  Interpretation of the 

coefficients is performed by exponentiating the coefficients which provides the effect of 

the predictor on the ODDS RATIO.  In contrast to OLS specification models, goodness-

of-fit is not as important as statistical significance for logit specifications (Wooldridge 

2002, p.465).  Therefore, although there is no single equivalent R
2
 measure to evaluate 

model fit for GLMMs, we report McFadden‟s (1974) pseudo R
2
 statistic for descriptive 

purposes only.     

5.5  Results and Robustness Checks 

After merging the various data sources, our sample includes 90 clinics that reported both 

a 6 month and 12 month for behavioral health outcomes in 19 counties in the state of 

Minnesota.  We excluded one observation from the sample that reported having not yet 

implemented an electronic health record (EHR).  Given the lack of variability as well as 

the collinearity with log(AFFORD), we exclude ITFUNCT from the analysis and retain 

ITEXCH as the IT-enabled primary care measure of interest.  A total of 19,435 patient 
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records where submitted by the remaining 89 clinics for the 6 month outcome measure 

with an estimated 1,911 patients reporting improvement in their PHQ-9 score by 50% 

after 6 months.  A total of 20,010 patient records where submitted for the 12 month 

outcome measure with an estimated 1,673 patients reporting improvement in their PHQ-9 

scores by 50% after 12 months.
11

  Of the 89 clinics, all clinics reported having a fully 

implemented EHR and 78 reported using health IT proactively for lab and test results, 

tracking patient health problems, tracking doctors‟ orders, creating benchmarks, and 

reminding patients when they are due preventive care.  Also, in addition to behavioral 

health, 87 clinics reported quality measures on diabetes and cardio vascular disease care.   

The continuous predictors at the clinic and PCSA level as well as the county level 

C_PSY_POP variable were standardized for stability of models as well as for 

interpretation and comparison of coefficients.  The remaining county level predictors 

remained in their original z-score form.  Coefficients greater than zero indicate greater 

ODDS of patients improving their PHQ-9 score by 50% vs. ODDS of not improving their 

PHQ-9 score by 50%.  Coefficients less than zero indicate lower ODDS of patients 

improving their PHQ-9 score by 50% vs. ODDS of not improving their PHQ-9 score by 

50%.  We performed the analysis using both the 6 month as well as the 12 month 

                                                 
11

 The number of patient records reporting improvement in their PHQ-9 score by 50% was estimated by 

taking the product of the number of records reported and the proportion of patients identified as improving 

their PHQ-9 score by 50%.  The number of patients not improving their PHQ-9 score by 50% was 

estimated by taking the difference between the number of records reported and the estimated number 

patients improving their PHQ-9 score by 50%. 
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behavioral health outcome measure.  We distinguish the two measures as short term 

versus long term behavioral health outcomes.    

5.5.1  Short Term Behavioral Health Outcomes Tests 

Results for the 6 month behavioral health outcomes main effects models are summarized 

in Table 5-3.  Model (1) contains the main effect estimation results for the community 

physical and social environmental characteristics of the environment and their association 

with 6 month behavioral health outcomes.  In terms of physical characteristics, we find 

that the coefficients of C_LIQUORSTR (β = 0.0853, p-value = 0.695) and C_AIR (β = 

3.2525, p-value = 0.216) are greater than zero, but not significant.  Therefore, we do not 

find support for hypotheses 1A and 1B that behavioral health outcomes are positively 

associated with the built environment and ambient quality as operationalized by the 

county‟s liquor store density and air quality z-scores, respectively.   

As for social characteristics, we find that the coefficient of C_PSY_POP is greater 

than zero and significant as expected and therefore, increasing behavioral health care 

resources, as operationalized by increasing the psychiatrists to population ratio, is 

associated with greater ODDS of improving behavioral health outcomes (β = 0.6077, p-

value < 0.001).  A unit increase in C_PSY_POP is associated with a 83.6% (= e
0.6077

 – 1) 

increase in the ODDS of improving behavioral health, all else being equal.  We also find 

that the coefficient of C_EDUC is less than zero and significant.  Decreasing the 

community socioeconomic status, as operationalized by an increase in the county‟s lack 

of formal education z-score, is therefore associated with lower ODDS of improving 
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behavioral health outcomes (β = -7.3433, p-value < 0.001).  If we hold other regressors 

equal, a unit decrease in C_EDUC is associated with a 99.9% (= 1 – e
-7.3433

) decrease in 

the ODDS of improving behavioral health outcomes.  Lastly, we find that the coefficient 

for C_NOSUPP (β = -0.0773, p-value = 0.637) is less than zero, but not significant.  

These findings provide support for hypotheses 1C and 1D, but not for hypothesis 1E. 

Table 5-3: Short term behavioral health main effects results; 

Binomial logit GLMM with random intercepts for each county; 

Dependent variable: proportion of patients with improvement 

in behavioral health outcomes after 6 months; Standard errors 

for coefficients in parentheses; N = 89, counties = 19. 

  (1)   (2)   

Intercept -2.8310 (0.1895) *** -2.7713 (0.1763) *** 

log(N6) 0.1633 (0.0356) *** 0.1426 (0.0385) *** 

P_UNIS 0.0972 (0.0893) 
 

0.0855 (0.0836) 
 P_FEMALE 0.0440 (0.0533) 

 
0.1645 (0.0588) *** 

P_AGE18_64 0.1129 (0.0469) ** 0.1527 (0.0484) *** 

P_NONWHITE -0.1670 (0.0644) *** -0.1865 (0.0692) *** 

C_LIQUORSTR 0.0853 (0.2172) 
 

0.0205 (0.2017) 
 C_AIR 3.2525 (2.6298) 

 
2.6496 (2.3530) 

 C_PSY_POP 0.6077 (0.1479) *** 0.4108 (0.1397) *** 

C_EDUC -7.3433 (2.0597) *** -4.9704 (1.9205) *** 

C_NOSUPP -0.0773 (0.1636) 
 

0.0545 (0.1490) 
 ITEXCH 

   
0.5563 (0.0530) *** 

PHQ_9 
   

0.3416 (0.0418) *** 

log(AFFORD) 
   

0.1738 (0.0501) *** 

       Log-likelihood -185.8 
  

-117.1 
  Pseudo R

2
 0.1370 

  
0.4561 

                

* p < 0.10, ** p < 0.05, *** p < 0.01. 
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Model (2) contains the main effect estimation results after adding the clinic level IT-

enabled, evidence-based, and affordable primary care measures to Model (1).
12

  As 

expected, the coefficients of ITEXCH and PHQ_9 are greater than zero and significant.  

Therefore, we find that increasing IT-enabled and evidence-based care, as operationalized 

by increasing IT inter-organizational information exchange  (γ = 0.3416, p-value < 0.001) 

and the proportion of patients that completed a PHQ-9 questionnaire during their clinical 

visit  (γ = 0.5563, p-value < 0.001), is associated with greater ODDS of improving 

behavioral health outcomes.  When the other regressors remain constant, a standard 

deviation increase in ITEXCH and PHQ_9 is associated with a 40.7% (= e
0.3416

 – 1) and 

74.4% (= e
0.5563

 – 1) increase in the ODDS of improving behavioral health outcomes, 

respectively.  These findings provide support for hypotheses 2A and 2B.  Counter to what 

we expected, the coefficient of log(AFFORD) is greater than zero and significant.  

Therefore, decreasing the affordability of behavioral health care, as operationalized by an 

increase in the ratio of the cost of behavioral health services to income in the PCSA, is 

associated with greater ODDS of improving behavioral health outcomes (γ = 0.1738, p-

value < 0.001).  If we hold other regressors equal, a standard deviation increase in 

log(AFFORD) is associated with a 19.0% (= e
0.1738

 – 1) increase in the ODDS of 

improving behavioral health outcomes.  Therefore, counter hypothesis 2C, behavioral 

                                                 
12

 We used the vif.mer function in R for mixed effects models to check for multicollinearity in the 

independent variables of the GLMM main effects model.  All variance inflation factors were well below 

10, thus alleviating concerns of unstable coefficients.  For further details on the vif.mer function, refer to: 

 (https://hlplab.wordpress.com/2011/02/24/diagnosing-collinearity-in-lme4/) 

https://hlplab.wordpress.com/2011/02/24/diagnosing-collinearity-in-lme4/%29
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health care costs are positively associated with improvements in behavioral health 

outcomes.   

Results for the 6 month behavioral health outcomes partial model moderating effects 

analysis are summarized in Table 5-4.  Model (3) contains the estimation results for the 

moderating effects of clinic level IT-enabled care on 6 month behavioral health 

outcomes.  We find support for the complementary effect of IT-enabled and evidence-

based care on behavioral health outcomes.  Consistent with hypothesis 2D, the coefficient 

of the interaction between ITEXCH and PHQ_9 is greater than zero and significant 

suggesting that the effect of leveraging IT for inter-organizational information exchange 

(δ = 0.1824, p-value < 0.001) increases as evidence-based care increases as 

operationalized by the proportion of patients that completed a PHQ-9 questionnaire 

during their clinical visit.  Holding the other regressors constant, a standard deviation 

increase in PHQ_9 is associated with a 18.3% (= e
0.1824

 – 1) increase in the ODDS of 

improving behavioral health outcomes due to a one standard deviation increase in 

ITEXCH.  Although, as expected, we find that the coefficient of the interaction between 

ITEXCH and C_PSY_POP is less than zero, it is not significant.  Therefore, the effect of 

leveraging IT for inter-organizational information exchange (δ = -0.1718, p-value = 

0.4288) does not increases as behavioral health care resources increase.  Therefore, we do 

not find support for hypothesis 3A. 
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Table 5-4: Short term behavioral health partial model results; Binomial logit GLMM 

with random intercepts for each county; Dependent variable: proportion of patients with 

improvement in behavioral health outcomes after 6 months; Standard errors for 

coefficients in parentheses; N = 89, counties = 19. 

  (3)     (4)   (5)   

Intercept -2.7702 (0.1430) *** -2.7542 (0.1214) *** -2.0944 (0.2578) *** 

log(N6) 0.1069 (0.0386) *** 0.1191 (0.0386) *** 0.1356 (0.0384) *** 

P_UNIS 0.0757 (0.0680) 
 

0.0319 (0.0583) 
 

0.0325 (0.0731) 
 P_FEMALE 0.2082 (0.0562) *** 0.1793 (0.0544) *** 0.1538 (0.0561) *** 

P_AGE18_64 0.1177 (0.0471) ** 0.1114 (0.0463) ** 0.1916 (0.0498) *** 

P_NONWHITE -0.1262 (0.0644) ** -0.1293 (0.0596) ** -0.1908 (0.0651) *** 

C_LIQUORSTR -0.0696 (0.1690) 
 

-0.1862 (0.1492) 
 

0.3671 (0.2100) * 

C_AIR 2.1789 (1.7776) 
 

0.7278 (1.4768) 
 

-0.3527 (2.0834) 
 C_PSY_POP 0.3333 (0.1184) *** 0.2877 (0.1001) *** 0.4578 (0.1204) *** 

C_EDUC -5.1361 (1.5400) *** -3.6786 (1.3418) *** -2.0303 (1.8582) 
 C_NOSUPP -0.0665 (0.1190) 

 
-0.1130 (0.0991) 

 
0.0165 (0.1261) 

 ITEXCH 0.5571 (0.0680) *** 0.5778 (0.0529) *** 0.5537 (0.0525) *** 

PHQ_9 0.2713 (0.0450) *** 0.3457 (0.0532) *** 0.3406 (0.0412) *** 

log(AFFORD) 0.2675 (0.0543) *** 0.2433 (0.0534) *** -0.1079 (0.1055) 
 ITEXCH x PHQ_9 0.1824 (0.0488) *** 0.1664 (0.0467) *** 

   ITEXCH x C_PSY_POP -0.1717 (0.2172) 
       PHQ_9 x C_PSY_POP 

   
0.3282 (0.1227) *** 

   log(AFFORD) x C_EDUC 
     

-6.3329 (2.0551) *** 

          Log-likelihood -111.3 
  

-108.5 
  

-113.1 
  Pseudo R

2
 0.4830 

  
0.4961 

  
0.4747 

                      

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Model (4) contains the estimation results for the moderating effects of clinic level 

evidence-based care on 6 month behavioral health outcomes.  We again find support for 

hypothesis 2D.  As expected, the coefficient of the interaction between PHQ_9 and 

ITEXCH is greater than zero and significant suggesting that the effect of evidence-based 

care (δ = 0.1664, p-value < 0.001) increases as leveraging IT for inter-organizational 

information exchange increases.  All else being equal, a standard deviation increase in 

ITEXCH is associated with a 18.1% (= e
0.1664

 – 1) increase in the ODDS of improving 

behavioral health outcomes due to a one standard deviation increase in PHQ_9.  Counter 
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to expected, we find that the coefficient of the interaction between PHQ_9 and 

C_PSY_POP is greater than zero and significant suggesting that the effect of evidence-

based care (δ = 0.3282, p-value = 0.008) increases as behavioral health care resources 

increase as operationalized by the psychiatrists to population ratio.  A standard deviation 

increase in C_PSY_POP is associated with a 38.9% (= e
0.3282

 – 1) increased in the ODDS 

of improving behavioral health outcomes due to a one standard deviation increase in 

PHQ_9.  Therefore, counter to hypothesis 3B, the effect of evidence-based care increases 

with behavioral health care resources.  

Model (5) contains the estimation results for the moderating effects of clinic level 

affordability on 6 month behavioral health outcomes.  As expected, we find that the 

coefficient of the interaction between log(AFFORD) and C_EDUC is less than zero and 

significant suggesting that decreasing affordability as operationalized by behavioral 

health care costs to income ratio (δ = -6.3329, p-value = 0.002) decreases the ODDS of 

improving behavioral health as community socioeconomic status decreases as 

operationalized by an increase in the county‟s lack of formal education z-score.  All else 

being equal, a standard deviation increase in C_EDUC is associated with a 99.9% (= 1 – 

e
-6.3329

) decrease in the ODDS of improving behavioral health outcomes due to a one 

standard deviation increase in log(AFFORD).  This finding provides support for 

hypothesis 3C.     
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Models (6) and (7) in Table 5-5 contain the full model estimation results.  Model (7) 

is the same as Model (6) except for the lack of the non-significant interaction between 

ITEXCH and C_PSY_POP and thus we discuss the results for Model (7).  Consistent with 

the main effects estimations in Models (1) and (2), the direction and significance of the 

C_PSY_POP (β = 0.3178, p-value = 0.002), ITEXCH (γ = 0.5753, p-value < 0.001), and 

PHQ_9 (γ = 0.3310, p-value < 0.001) coefficients suggest that increasing behavioral 

health care resources as well as increasing the clinic level delivery of IT-enabled and 

evidence-based care are associated with improvements in behavioral health outcomes, 

thus providing support for hypotheses 1C, 2A, and 2B.  We also find support for the 

complementary hypothesis 2D with the positive clinic level interaction (δ = 0.1483, p-

value = 0.002) between ITEXCH and PHQ_9.   Counter to hypothesis 3B, the coefficient 

of interaction (δ = 0.2508, p-value = 0.054) between PHQ_9 and C_PSY_POP is greater 

than zero and significant, thus suggesting that the effect of clinic level evidence care 

increases as community behavioral health care resources increase.  Lastly, consistent with 

hypothesis 3C, the negative coefficient of interaction (δ = -3.319, p-value = 0.090) 

between C_EDUC and log(AFFORD) suggests that decreasing clinic level affordability 

as community socioeconomic status decreases has a detrimental effect on behavioral 

health outcomes.  Of additional interest is the significant association between community 

socioeconomic status and behavioral health outcomes being greatly reduced (β = -2.3938, 

p-value = 0.106) by the inclusion of clinic level quality primary care characteristics and 

its associated hypothesized moderating mechanisms.   
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Table 5-5: Short term behavioral health full model results; 

Binomial logit GLMM with random intercepts for each county; 

Dependent variable: proportion of patients with improvement in 

behavioral health outcomes after 6 months; Standard errors for 

coefficients in parentheses; N = 89, counties = 19. 

  (6)   (7)   

Intercept -2.3837 (0.2393) *** -2.4032 (0.2341) *** 

log(N6) 0.1261 (0.0390) *** 0.1259 (0.0389) *** 

P_UNIS 0.0064 (0.0581) 
 

0.0066 (0.0582) 
 P_FEMALE 0.1567 (0.0547) *** 0.1575 (0.0547) *** 

P_AGE18_64 0.1377 (0.0489) *** 0.1377 (0.0491) *** 

P_NONWHITE -0.1565 (0.0608) ** -0.1555 (0.0608) ** 

C_LIQUORSTR 0.0538 (0.2053) 
 

0.0371 (0.2003) 
 C_AIR -0.6552 (1.5953) 

 
-0.6067 (1.5949) 

 C_PSY_POP 0.3085 (0.1040) *** 0.3178 (0.1017) *** 

C_EDUC -2.3558 (1.4825) 
 

-2.3938 (1.4817) 
 C_NOSUPP -0.1122 (0.0980) 

 
-0.1112 (0.0981) 

 ITEXCH 0.5583 (0.0682) *** 0.5753 (0.0526) *** 

PHQ_9 0.3265 (0.0544) *** 0.3310 (0.0532) *** 

log(AFFORD) 0.0765 (0.1095) 
 

0.0831 (0.1081) 
 ITEXCH x PHQ_9 0.1517 (0.0483) *** 0.1483 (0.0477) *** 

ITEXCH x C_PSY_POP -0.0900 (0.2312) 
    PHQ_9 x C_PSY_POP 0.2315 (0.1390) * 0.2508 (0.1300) * 

log(AFFORD) x C_EDUC -3.5097 (2.0203) * -3.3191 (1.9561) * 

       Log-likelihood -107.0 
  

-107.1 
  Pseudo R

2
 0.5030 

  
0.5026 

                

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

We graph the two-way interactions of Model (7) in Figure 5-2 to examine the 

moderating relationships.  Results show that increasing IT-enabled information exchange 

significantly increases the behavioral health outcomes with increasing evidence-based 

care.  Counter to hypothesized, the effect of evidence-based care on behavioral health 

outcomes also increases as community behavioral resources increase.  Lastly, as 

hypothesized, the effect of reducing affordability is more detrimental in lower 

socioeconomic communities.       
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Figure 5-2: Interaction plots for short term behavioral health outcomes; 

Dependent variable: proportion of patients with improvement in behavioral 

health outcomes after 6 months. 

 

 

 

5.5.2  Parametric Bootstrapping Tests 

As a robustness check, we conducted parametric bootstrapping estimation techniques on 

Model (7) to account for sample size concerns and performed 1,999 bootstrap replicates 
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using parametric bootstrapping from the package boot to obtain the confidence intervals 

to conduct the hypothesis tests and report the results in Model (1B) (Table 5-6).  

Bootstrapping allows us to perform statistical inference based on the empirical sampling 

distributions for the GLMM coefficients by re-sampling from the data at hand.     

Table 5-6: Short term behavioral health 

parametric bootstrapped full model results 

with random intercepts for each county; 

Dependent variable: proportion of patients 

with improvement in behavioral health 

outcomes after 6 months; Standard errors for 

coefficients in parentheses; R = 1999, N = 

89, counties = 19. 

  (1B)   

Intercept -2.4032 (0.1927) *** 

log(N6) 0.1259 (0.0389) *** 

P_UNIS 0.0066 (0.0406) 
 P_FEMALE 0.1575 (0.0492) *** 

P_AGE18_64 0.1377 (0.0508) ** 

P_NONWHITE -0.1555 (0.4902) *** 

C_LIQUORSTR 0.0371 (0.1666) 
 C_AIR -0.6067 (1.0932) * 

C_PSY_POP 0.3178 (0.0785) *** 

C_EDUC -2.3938 (1.0546) 
 C_NOSUPP -0.1112 (0.0671) ** 

ITEXCH 0.5753 (0.0552) *** 

PHQ_9 0.3310 (0.0493) *** 

log(AFFORD) 0.0831 (0.0994) 
 ITEXCH x PHQ_9 0.1483 (0.0486) *** 

PHQ_9 x C_PSY_POP 0.2508 (0.1046) ** 

log(AFFORD) x C_EDUC -3.3191 (1.6589) * 

        

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Consistent with the main effects estimations in Model (7), the direction and 

significance of the C_PSY_POP (β = 0.3178, 99% CI = [0.0464, 0.4571]), ITEXCH (γ = 

0.5753, 99% CI = [0.4441, 0.7310]), and PHQ_9 (γ = 0.3310, 99% CI = [0.2032, 
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0.4477]) coefficients are consistent with hypotheses 1C, 2A, and 2B suggesting that 

increasing behavioral health care resources as well as increasing the clinic level delivery 

of IT-enabled and evidence-based care are associated with improvements in behavioral 

health outcomes.  In addition, we find that the coefficients of C_AIR (β = 0.6067, 90% CI 

= [-3.6275, -0.0234]) and C_NOSUPP (β = 0.1112, 95% CI = [-0.3021, -0.0432]) are less 

than zero and significant providing support for hypotheses 1B and 1E suggesting that 

ambient quality and social support are associated with improvements in behavioral health 

outcomes. 

When considering the moderating effects, we also find support for the complementary 

hypothesis 2D with the positive clinic level interaction (δ = 0.1483, 99% CI = [0.0309, 

0.2754]) between ITEXCH and PHQ_9.   Counter to hypothesis 3B, the coefficient of 

interaction (δ = 0.2508, 95% CI = [0.0490, 0.4647]) between PHQ_9 and C_PSY_POP is 

greater than zero and significant, thus suggesting that the effect of clinic level evidence 

care increases as community behavioral health care resources increase.  Lastly, consistent 

with hypothesis 3C, the negative coefficient of interaction (δ = -3.319, 90% CI = [-

6.9575, -0.6663]) between C_EDUC and log(AFFORD) suggests that decreasing clinic 

level affordability as community socioeconomic status decreases has a detrimental effect 

on behavioral health outcomes.  Of additional interest is the significant association 

between community socioeconomic status and behavioral health outcomes being greatly 

reduced (β = -2.3938, 90% CI = [-3.4099, 0.0790]) by the inclusion of clinic level quality 

primary care and its associated hypothesized moderating mechanisms.   
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5.5.3  Long Term Behavioral Health Outcomes Tests 

In order to determine if and to what extent behavioral health can be improved even after 

controlling for short term behavioral health outcomes, the 6 month behavioral health 

outcome measure (B_HEALTH_6) was introduced into Equation (1) with the 12 month 

behavioral health outcome measure (B_HEALTH_12) as the dependent variable.  Model 

(8) in Table 5-7 contains the main effect estimation results for the community physical 

and social characteristics of the environment, and the clinic level IT-enabled, evidence-

based, and affordable primary care measures and their association with 12 month 

behavioral health outcomes.
13

  Looking at physical characteristics, in contrast to the 

effects on the 6 month behavioral health outcomes, the coefficient of C_LIQUORSTR is 

greater than zero and significant.  We find that increasing the built environment, as 

operationalized by the county‟s liquor store density z-score, is associated with greater 

ODDS of improving long term behavioral health outcomes (β = 0.3713, p-value < 0.001).  

A unit increase in C_LIQUORSTR is associated with a 45.0% (= e
0.3713

 – 1) increase in 

the ODDS of improving long term behavioral health, all else being equal.  Also 

consistent with the effects on the 6 month behavioral health outcomes, the coefficient of 

C_AIR (β = -0.7219, p-value = 0.369) is not significant.  These results provide support for 

hypothesis 1A, but not for hypothesis 1B. 

 

                                                 
13

 All variance inflation factors were well below 10, thus alleviating concerns of unstable coefficients.  For 

further details on the vif.mer function, refer to: 

 (https://hlplab.wordpress.com/2011/02/24/diagnosing-collinearity-in-lme4/) 

https://hlplab.wordpress.com/2011/02/24/diagnosing-collinearity-in-lme4/%29
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Table 5-7: Long term behavioral health  

main effects results; Binomial logit 

GLMM with random intercepts for each 

county; Dependent variable: proportion 

of patients with improvement in 

behavioral health outcomes after 12 

months; Standard errors for coefficients 

in parentheses; N = 89, counties = 19. 
  (8)   

Intercept -2.5277 (0.0837) *** 

log(N12) 0.2498 (0.0411) *** 

P_UNIS 0.0167 (0.0399) 
 P_FEMALE 0.0325 (0.0505) 
 P_AGE18_64 -0.0561 (0.0564) 
 P_NONWHITE 0.0007 (0.0428) 
 C_LIQUORSTR 0.3713 (0.1085) *** 

C_AIR -0.7219 (0.8040) 
 C_PSY_POP -0.1126 (0.0816) 
 C_EDUC 1.1370 (0.9020) 
 C_NOSUPP -0.1790 (0.0688) *** 

ITEXCH 0.3367 (0.0680) *** 

PHQ_9 0.2036 (0.0484) *** 

log(AFFORD) -0.0194 (0.0521) 
 B_HEALTH_6 0.4555 (0.0413) *** 

    Log-likelihood -55.4 
  Pseudo R

2
 0.7072 

          

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

As for social characteristics, again in contrast to the effects on the 6 month behavioral 

health outcomes, we find that the coefficient of C_NOSUPP is less than zero and 

significant.  Decreasing the community perceived social support, as operationalized by an 

increase in the county‟s adults without social/emotional support z-score, is associated 

with lower ODDS of improving long term behavioral health outcomes (β = -0.1790, p-

value = 0.009).  If we hold other regressors equal, a unit increase in C_NOSUPP is 

associated with a 16.4% (= 1 – e
-0.1790

) decrease in the ODDS of improving long term 
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behavioral health outcomes.  In addition, we find that the coefficients for C_PSY_POP (β 

= -0.1126, p-value = 0.167) and C_EDUC (β = 1.1370, p-value = 0.208) are not 

significant.  These findings provide support for hypothesis 1E, but not for hypotheses 1C 

and 1D. 

Consistent with the 6 month behavioral health outcomes results, the coefficients of 

ITEXCH and PHQ_9 are greater than zero and significant.  Therefore, we find that 

increasing clinic level IT-enabled care (γ = 0.3367, p-value < 0.001) and evidence-based 

care (γ = 0.2036, p-value < 0.001), as operationalized by increasing IT inter-

organizational information exchanged and by the proportion of patients that completed a 

PHQ-9 questionnaire during their clinical visit, is associated with greater ODDS of 

improving long term behavioral health outcomes.  When the other regressors remain 

constant, a standard deviation increase in ITEXCH and PHQ_9 is associated with a 

40.0% (= e
0.3367

 – 1) and 22.6% (= e
0.2036

 – 1) increase in the ODDS of improving 

behavioral health outcomes, respectively.  These findings provide support for hypotheses 

2A and 2B.  In contrast to the 6 month behavioral health outcome results, the coefficient 

of log(AFFORD) is not significant.  Therefore, decreasing the clinic level affordability of 

behavioral health care, as operationalized by an increase in the cost to income ratio, is not 

associated with lower ODDS of improving long term behavioral health outcomes (γ = -

0.0194, 90 p-value = 0.710).  This finding does not support hypothesis 2C.  In addition, 

the coefficient of B_HEALTH_6 is greater than zero and significant, suggesting that 

improvements in clinic level short term behavioral health outcomes (γ = 0.4555, p-value 
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< 0.001) are associated with improvements in long term behavioral health outcomes.  All 

else being equal, a standard deviation increase in B_HEALTH_6 is associated with a 

57.7% (= e
0.4555

 – 1) increase in the ODDS of improving long term behavioral health.      

Results for the moderation results for the 12 month behavioral health outcomes 

analysis are summarized in Table 5-8.  Model (9) contains the estimation results for the 

moderating effects of clinic level IT-enabled care on 12 month behavioral health 

outcomes.  We do not find support for the complementary effect of IT-enabled care and 

evidence-based care on behavioral health outcomes.  Although the coefficient of the 

interaction between ITEXCH and PHQ_9 is greater than zero, it is not significant 

suggesting that the effect of leveraging IT for inter-organizational information exchange 

(δ = 0.0413, p-value = 0.415) does not increase as evidence-based care increases as 

operationalized by the proportion of patients that completed a PHQ-9 questionnaire 

during their clinical visit.  Similarly, although we find that the coefficient of the 

interaction between ITEXCH and C_PSY_POP is less than zero, it is not significant.  

Therefore, the effect of leveraging IT for inter-organizational information exchange (δ = -

0.1706, p-value = 0.502) does not increases as behavioral health care resources increase 

as operationalized by the community psychiatrist to population ratio.  These findings do 

not provide support for either hypothesis 2D or hypothesis 3A. 
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Table 5-8: Long term behavioral health partial model moderation results; Binomial logit 

GLMM with random intercepts for each county; Dependent variable: proportion of 

patients with improvement in behavioral health outcomes after 12 months; Standard 

errors for coefficients in parentheses; N = 89, counties = 19. 

   (9)     (10)     (11)   

Intercept -2.5334 (0.0844) *** -2.5377 (0.0851) *** -2.6191 (0.1992) *** 

log(N12) 0.2538 (0.0415) *** 0.2409 (0.0421) *** 0.2440 (0.0425) *** 

P_UNIS 0.0151 (0.0397) 
 

0.0210 (0.0402) 
 

0.0245 (0.0428) 
 P_FEMALE 0.0335 (0.0506) 

 
0.0418 (0.0508) 

 
0.0431 (0.0548) 

 P_AGE18_64 -0.0609 (0.0564) 
 

-0.0626 (0.0561) 
 

-0.0644 (0.0589) 
 P_NONWHITE 0.0051 (0.0430) 

 
0.0116 (0.0434) 

 
0.0181 (0.0549) 

 C_LIQUORSTR 0.3606 (0.1101) *** 0.3705 (0.1110) *** 0.3117 (0.1597) * 

C_AIR -0.7038 (0.8083) 
 

-0.3817 (0.8465) 
 

-0.3447 (1.0963) 
 C_PSY_POP -0.1368 (0.0872) 

 
-0.0927 (0.0816) 

 
-0.1199 (0.0825) 

 C_EDUC 1.0393 (0.9148) 
 

0.8173 (0.9355) 
 

0.7902 (1.1322) 
 C_NOSUPP -0.1932 (0.0701) *** -0.1740 (0.0714) ** -0.1729 (0.0697) ** 

ITEXCH 0.3172 (0.0913) *** 0.3502 (0.0723) *** 0.3306 (0.0693) *** 

PHQ_9 0.1912 (0.0495) *** 0.1559 (0.0583) *** 0.2022 (0.0486) *** 

log(AFFORD) -0.0047 (0.0568) 
 

0.0117 (0.0578) 
 

0.0232 (0.0990) 
 B_HEALTH_6 0.4447 (0.0436) *** 0.4666 (0.0472) *** 0.4652 (0.0455) *** 

ITEXCH x PHQ_9 0.0413 (0.0507) 
 

0.0465 (0.0509) 
    ITEXCH x C_PSY_POP -0.1706 (0.2541) 

       PHQ_9 x C_PSY_POP 
   

-0.1322 (0.1130) 
    log(AFFORD) x C_EDUC 

      
0.9055 (1.7866) 

 

          

          Log-likelihood -54.9 
  

-54.4 
  

-55.3 
  Pseudo R

2
 0.7099 

  
0.7123 

  
0.7078 

                      

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Model (10) contains the estimation results for the moderating effects of clinic level 

evidence-based care on 12 month behavioral health outcomes.  We again do not find 

support for the complementary effect of evidence-based care and IT-enabled care on 

behavioral health outcomes.  Counter to expected, the coefficient of the interaction 

between PHQ_9 and ITEXCH is less than zero, but not significant suggesting that the 

effect of evidence-based care (δ = -0.0465, p-value = 0.361) does not increase as 

leveraging IT for inter-organizational information exchange increases.  This finding does 
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not provide support for the complementary hypothesis 2E.  We also find that, as expected 

and counter to the 6 month results, the coefficient of the interaction between PHQ_9 and 

C_PSY_POP is less than zero, but not significant suggesting that the effect of evidence-

based care (δ = -0.1322, p-value = 0.242) does not increase as behavioral health care 

resources increase.  This finding does not provide support for hypothesis 3B. 

Model (11) contains the estimation results for the moderating effects of clinic level 

affordability on 12 month behavioral health outcomes.  We find that the coefficient of the 

interaction between log(AFFORD) and C_EDUC is less than zero, but not significant 

suggesting that decreasing affordability as operationalized by behavioral health care costs 

to income ratio (δ = -0.9055, p-value = 0.612) does not decrease the ODDS of improving 

long term behavioral health as community socioeconomic status decreases as 

operationalized by an increase in the county‟s lack of formal education z-score.  Further, 

the variance inflation factor for the interaction term was substantially greater than 10 

further decreasing the significance of the interaction term.  This finding does not provide 

support for hypothesis 3C.   

Since none of the partial model interaction effects were significant, we do not report 

the results for the full models.  Further, the variance inflation factors for some of the 

interaction terms were substantially greater than 10 therefore leaving the interpretation of 

results questionable. 
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5.5.4  Two-Stage Parametric Bootstrapping Tests 

In order to address the potential of bias and erroneous standard error estimates from the 

temporal dependence of long term behavioral health improvement on short term 

behavioral health improvement, we performed a two-stage parametric bootstrapping 

technique.  For the first stage, we specify the GLMM logit link function in Model (7) 

using B_HEALTH_6 as the outcome measure and then use the predicted value from the 

first stage (           ) as the instrumented variable B_HEALTH_6* to control for 

short term behavioral health outcomes improvement when running the analysis using 

B_HEALTH_12 as the outcome measure of interest.
14

  We performed 1,999 bootstrap 

replicates using parametric bootstrapping to obtain the confidence intervals for the 

second stage coefficients to conduct the hypotheses tests. 

     Model (2B) in Table 5-9 contains the second stage bootstrapped main effect 

estimation results for the community physical and social characteristics of the 

environment as well as the clinic level IT-enabled, evidence-based, and affordable 

primary care measures and their association with 12 month behavioral health outcomes.  

In terms of physical characteristics, in contrast to the effects on with the 6 month 

behavioral health outcomes, the coefficient of C_LIQUORSTR is greater than zero and 

significant.  We find that increasing the built environment, as operationalized by the 

county‟s liquor store density z-score, is associated with greater ODDS of improving long 

term behavioral health outcomes (β = 0.3673, 99% CI = [0.0566, 0.6412]).  A unit 

                                                 
14

 We use the notation of B_HEALTH_6* to distinguish the instrumented variable in the second stage from 

the original B_HEALTH_6 variable. 



 

   

217 

 

increase in C_LIQUORSTR is associated with a 44.4% (= e
0.3673

 – 1) increase in the 

ODDS of improving long term behavioral health, all else being equal.  We also find that 

the coefficient of C_AIR (β = -0.4644, 90% CI = [-2.0683, 0.4550]) is not significant.  

Therefore, we find support for hypothesis 1A, but not for hypothesis 1B.   

Table 5-9: Second stage main effects 

parametric bootstrap results with random 

intercepts for each county; Dependent 

variable: proportion of patients with 

improvement in behavioral health 

outcomes after 12 months; Standard 

errors for coefficients in parentheses; R 

= 1999, N = 89, counties = 19. 

  (2B)   

Intercept -2.5372 (0.0952) *** 

log(N12) 0.2465 (0.0423) *** 

P_UNIS 0.0227 (0.0369) 
 P_FEMALE 0.0278 (0.0543) 
 P_AGE18_64 -0.0056 (0.0533) 
 P_NONWHITE -0.0103 (0.0437) 
 C_LIQUORSTR 0.3673 (0.1204) *** 

C_AIR -0.4644 (0.7731) 
 C_PSY_POP -0.0336 (0.0986) 
 C_EDUC 0.3521 (0.8462) 
 C_NOSUPP -0.2043 (0.0704) *** 

ITEXCH 0.3314 (0.0764) *** 

PHQ_9 0.1978 (0.0550) *** 

log(AFFORD) -0.0138 (0.0582) 
 B_HEALTH_6* 0.3569 (0.0570) *** 

        

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Looking at social characteristics, we find that the coefficient of C_NOSUPP is less 

than zero and significant.  Decreasing the community perceived social support, as 

operationalized by an increase in the county‟s adults without social/emotional support z-

score, is associated with lower ODDS of improving long term behavioral health 
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outcomes (β = -0.2043, 99% CI = [-0.3850, -0.0223]).  If we hold other regressors equal, 

a unit increase in community‟s lack of social support z-score is associated with a 18.5% 

(= 1 – e
-0.2043

) decrease in the ODDS of improving long term behavioral health outcomes.  

These findings provide support for hypothesis 1E.  In contrast, we find that the 

coefficients of C_PSY_POP (β = -0.0336, 90% CI = [-0.2904, 0.0335]) and C_EDUC (β 

= 0.3521, 90% CI = [-0.6136, 2.1236]) are not significant.  Hence, we do not find support 

for hypotheses 1C and 1D. 

Consistent with the 6 month behavioral health outcomes results, the coefficients of 

ITEXCH and PHQ_9 are greater than zero and significant.  Therefore, we find that 

increasing clinic level IT-enabled care and evidence-based care, as operationalized by 

increasing IT inter-organizational information exchange  (γ = 0.3314, 99% CI = [0.1748, 

0.5603]) and the proportion of patients that completed a PHQ-9 questionnaire during 

their clinical visit  (γ = 0.1978, 99% CI = [0.0759, 0.3535]), is associated with greater 

ODDS of improving long term behavioral health outcomes.  When the other regressors 

remain constant, a standard deviation increase in ITEXCH and PHQ_9 is associated with 

a 39.3% (= e
0.3314

 – 1) and 21.9% (= e
0.1978

 – 1) increase in the ODDS of improving 

behavioral health, respectively.  These findings provide support for hypotheses 2A and 

2B.  In contrast to the 6 month behavioral health outcome results, the coefficient of 

log(AFFORD) is not significant.  Therefore, decreasing the affordability of behavioral 

health care, as operationalized by an increase in the cost to income ratio, is not associated 

with lower ODDS of improving long term behavioral health outcomes (γ = -0.0138, 90% 
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CI = [-0.0966, 0.0933]).  This finding does not support hypothesis 2C.  In addition, the 

coefficient of B_HEALTH_6* is greater than zero and significant, suggesting that 

improvements in clinic level short term behavioral health outcomes (γ = 0.3569, 99% CI 

= [0.2503, 0.5389]) is associated with improvements in long term behavioral health 

outcomes.  All else being equal, a standard deviation increase in B_HEALTH_6* is 

associated with a 42.9% (= e
0.3569

 – 1) increase in the ODDS of improving long term 

behavioral health.  These findings provide support for hypothesis 2D. 

Results for the second stage moderating effects analysis on 12 month behavioral 

health outcomes are summarized in Table 5-10.  Model (3B) contains the second stage 

bootstrapped estimation results for the moderating effects of clinic level IT-enabled care.  

We do not find support for the complementary effect of IT-enabled care and evidence-

based care on behavioral health outcomes.  Although the coefficient of the clinic level 

interaction between ITEXCH and PHQ_9 is greater than zero, it is not significant 

suggesting that the effect of leveraging IT for inter-organizational information exchange 

(δ = 0.0275, 90% CI = [-0.0889, 0.1174]) does not increase as evidence-based care 

increases as operationalized by the proportion of patients that completed a PHQ-9 

questionnaire during their clinical visit.  Similarly, although we find that the coefficient 

of the interaction between ITEXCH and C_PSY_POP is less than zero, it is not 

significant.  Therefore, the effect of leveraging IT for inter-organizational information 

exchange (δ = -0.1436, 90% CI = [-0.5915, 0.2038]) does not increases as community 

behavioral health care resources increase as operationalized by the community 
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psychiatrist to population ratio.  These findings do not provide support for either 

hypothesis 2D or hypothesis 3A. 

Table 5-10: Second stage moderation parametric bootstrap results with random intercepts 

for each county; Dependent variable: proportion of patients with improvement in 

behavioral health outcomes after 12 months; Standard errors for coefficients in 

parentheses; R = 1999, N = 89, counties = 19. 

  (3B)   (4B)   (5B)   

Intercept -2.5479 (0.0992) *** -2.4398 (0.1109) *** -2.5289 (0.2023) *** 

log(N12) 0.2505 (0.0427) *** 0.2211 (0.0439) *** 0.2469 (0.0428) *** 

P_UNIS 0.0231 (0.0380) 
 

0.0192 (0.0390) 
 

0.0220 (0.0423) 
 P_FEMALE 0.0341 (0.0568) 

 
-0.0120 (0.0586) 

 
0.0275 (0.0570) 

 P_AGE18_64 -0.0608 (0.0557) 
 

-0.0976 (0.0548) 
 

-0.0552 (0.0596) 
 P_NONWHITE -0.0075 (0.0438) 

 
0.0181 (0.0450) 

 
-0.0119 (0.0608) 

 C_LIQUORSTR 0.3562 (0.1273) *** 0.4755 (0.1424) *** 0.3719 (0.1588) ** 

C_AIR -0.4255 (0.8079) 
 

-0.6000 (0.8336) 
 

-0.4992 (1.1581) 
 C_PSY_POP -0.0467 (0.1040) 

 
-0.1681 (0.1021) * -0.0313 (0.1073) 

 C_EDUC 0.2773 (0.9589) 
 

1.0697 (1.0392) 
 

0.3797 (1.0707) 
 C_NOSUPP -0.2188 (0.0742) *** -0.1376 (0.0850) * -0.2055 (0.0755) ** 

ITEXCH 0.3213 (0.1051) *** 0.2501 (0.1089) ** 0.3328 (0.0846) *** 

PHQ_9 0.1955 (0.0579) *** 0.0934 (0.0863) 
 

0.1986 (0.0587) *** 

log(AFFORD) 0.0014 (0.0677) 
 

-0.0292 (0.0723) 
 

-0.0175 (0.1001) 
 B_HEALTH_6* 0.3415 (0.0693) *** 0.5087 (0.1055) *** 0.3548 (0.0725) *** 

ITEXCH x PHQ_9 0.0275 (0.0623) 
 

-0.0228 (0.0640) 
    ITEXCH x C_PSY_POP -0.1436 (0.2412) 

       PHQ_9 x C_PSY_POP 
   

-0.2649 (0.1597) 
    log(AFFORD) x C_EDUC 

      
-0.0900 (2.0071) 

                     

* p < 0.10, ** p < 0.05, *** p < 0.01. 

 

Model (4B) contains the second stage bootstrapped estimation results for the 

moderating effects of clinic level evidence-based care on 12 month behavioral health 

outcomes.  We again do not find support for the complementary effect of evidence-based 

care and IT-enabled care on behavioral health outcomes.  Counter to expected, the 

coefficient of the interaction between PHQ_9 and ITEXCH is less than zero, but not 

significant suggesting that the effect of evidence-based care (δ = -0.0228, 90% CI = [-
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0.1316, 0.0825]) does not increase as leveraging IT for inter-organizational information 

exchange increases.  This finding does not provide support for the complementary 

hypothesis 2D.  We also find that, as expected, the coefficient of the interaction between 

PHQ_9 and C_PSY_POP is less than zero but not significant suggesting that the effect of 

evidence-based care (δ = -0.2649, 90% CI = [-0.5216, 0.0116]) does not increase as 

behavioral health care resources increase as operationalized by the county psychiatrist to 

the population ratio.  This finding does not provide support for hypothesis 3B.  

Model (5B) contains the second stage bootstrapped estimation results for the 

moderating effects of affordability.  We find that the coefficient of the interaction 

between log(AFFORD) and C_EDUC is less than zero, but not significant suggesting that 

decreasing clinic level affordability as operationalized by behavioral health care costs to 

income ratio (δ = -0.0900, 90% CI = [-3.2360, 3.2269]) does not decrease the ODDS of 

improving long term behavioral health as community socioeconomic status decreases as 

operationalized by an increase in the county‟s lack of formal education z-score.  This 

finding does not provide support for hypothesis 3C.   

5.5.5  Summary of Results 

In summary, our results show a positive association between superior community 

physical and social environmental characteristics and clinic level behavioral health 

outcomes.  As hypothesized, we find that: (i) ambient quality (H1B), behavioral health 

care resources (H1C), and community socioeconomic status (H1D) are associated with 

improvements in short term behavioral health outcomes, and (ii) built environment (H1A) 
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and social support (H1E) are associated with improvements in long term behavioral 

health outcomes.  Further, results also show that the clinic level delivery of IT-enabled 

(H2A) and evidence-based care (H2B) are positively associated with both short term and 

long term behavioral health outcomes.  We also find that the effects of IT-enabled and 

evidence-based care on short term behavioral health outcomes are also complementary 

(H2D).  In addition, we find that improving short term behavioral health outcomes is 

associated with improvements in long term behavioral health outcomes.   

In partial support for what we hypothesized, we also find that the effect of clinic level 

affordable behavioral health care on short term behavioral health outcomes depends on 

community socioeconomic status (H3C) with more affordable behavioral health care 

having a more positive effect in communities with lower socioeconomic status versus less 

affordable health care having a more positive effect in communities with higher 

socioeconomic status, thus providing support for affordability as mechanism to reduce 

disparities in behavioral health outcomes due to differences in community socioeconomic 

status.  Counter to what we expected, we find that the effect of evidence-based care on 

short term behavioral health outcomes increases as community behavioral health care 

resources increase (H3B), thus providing support for a complementary relationship 

between community resources and clinic quality improvement interventions.  This result 

is in line with concerns that more munificent communities obtain greater benefit from 

quality improvement behavioral health interventions and thus amplify disparities in 

behavioral health outcomes rather than reduce them (Aneshensel 2009).   
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Lastly, we find that the association between community socioeconomic status and 

short term behavioral health was reduced and ultimately eliminated after the inclusion of 

clinic level quality primary care and the hypothesized moderating mechanisms, thus 

providing support for access to quality primary care as a partial mediating mechanism 

between community socioeconomic status and health (Andersen 1995).  Results from 

both the standard GLMM model estimation and the bootstrap techniques are consistent, 

therefore providing robustness to the results. 

5.6  Discussion and Conclusions    

5.6.1  Implications and Major Findings 

This chapter focused on the role of quality primary care in the health care supply chain to 

improve behavioral health.  We demonstrated that clinics which operate in communities 

with superior physical and social characteristics were associated with improved 

behavioral health outcomes.  In particular, we found that community behavioral health 

care resources and socioeconomic status are positively associated with short term 

behavioral health outcomes.  In addition, we found that a community‟s built environment 

and social support are positively associated with long term behavioral outcomes.  The 

results highlight the need to consider both physical as well as social resources through the 

supply chain for primary care so as to influence the capacity for individuals to cope with 

life demands (Turner and Lloyd 1999).  These results are consistent with arguments for 

linking behavioral health to community contexts in a way that offers insight into the 

macro-level conditions that generate disparities in order to design supply chain 
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interventions that can modifying the community level consequences to benefit large 

numbers within a community (Aneshensel 2009).        

Our results also suggest that primary care interventions for quality improvement, 

namely IT-enabled and evidence-based, are associated with improvements in both short 

and long term behavioral health outcomes.  Beyond the benefit of providing IT-enabled 

and evidence-based primary care, the main effect of affordability was associated with a 

decrease in behavioral health.  More specifically, more costly care was associated with 

better behavioral health outcomes.  This finding provides support for concerns from 

increasing pressures for cost containment and rationing in behavioral health services 

which may be at odds with improving their effectiveness (Scheid 2003).  Whereas certain 

aspects of care for behavioral health disorders may be made more efficient leading to 

lower costs such as in the case of more physically oriented diseases (i.e., diabetes), it has 

long being argued that improving behavioral health outcomes also requires 

psychotherapy and the careful monitoring of clinical response to it (Kroenke et al. 2001).  

By rationing psychotherapy and exchanging it for less costly and more efficient 

pharmacotherapy may ultimately lead to decreases in behavioral health care 

effectiveness.        

Counter to our original expectations, we found that evidence-based care is 

complementary with community behavioral health care resources and as such clinical 

settings that have greater access to such resources will obtain greater benefit from 
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employing evidence-based care.  As such, rather than the diffusion of evidence-based 

care practices across clinical settings reducing disparities in behavioral health, such 

practices may amplify disparities (Aneshensel 2009).  In contrast to the effect of 

evidence-based care, we found that the effect of improving the affordability of behavioral 

health care services depends on the community‟s socioeconomic status, where 

affordability can improve behavioral health in more disadvantaged communities and as 

such can serve as an effective mechanism to reduce disparities in behavioral health due to 

differences in socioeconomic status.   

5.6.2  Contributions and Future Research Directions 

Consistent with the recommendations from The President‟s New Freedom Commission 

on Mental Health‟s (2003) report for transforming the U.S. behavioral health delivery 

system, the study in this chapter has the following potential implications and 

contributions.  First, we put behavioral health at the same urgency level as physical 

health.  In the domain of supply chain design we incorporate literature from the sociology 

of behavioral health which considers upstream and downstream factors in order to 

develop a broader conceptualization of the health care supply chain that serves 

individuals that experience behavioral health disorders.  The broader conceptualization 

provides a more complex picture of the supply chain by not only considering the clinical 

setting where individuals seek and obtain care, but also the community environmental 

characteristics that can further enable or hinder improvements in behavioral health.         
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Second, by focusing on the delivery of quality behavioral health care in the supply 

chain for primary care, we evaluate the effects of providing services for behavioral health 

disorders in primary care settings which allows for analysis of the required resources and 

interventions.  Our results suggest that both IT-enabled and evidence-based interventions 

in primary care can lead to improvements in behavioral health through their ability to 

improve coordination and ultimately integration of both physical and behavioral health 

care.  With rising trends for more and more use of primary care for behavioral health 

disorders, IT-enabled and evidence-based interventions can facilitate linkages between 

primary and specialty care settings and thus strengthening interorganizational 

communication and collaboration in order to provide greater continuity and quality of 

care (Simon 1998).     

Third, considering the heterogeneity in the socioeconomic status of patients in the 

different communities provides insights as to how community characteristics are related 

to behavioral health and therefore how to design interventions to dampen the 

consequences of such characteristics.  Consistent with Office of the National 

Coordinator‟s strategic initiative in looking at health IT adoption, use, and information 

exchange for behavioral health (ONC 2011a), we consider the role of health IT in 

improving access to quality behavioral health care through its coordinating benefits, 

especially for lower socioeconomic settings.  Where the unequal distribution of 

community resources exist, our results show that quality improvement interventions in 
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primary care do not compensate for the lack of such resources which specially affect 

people from low socioeconomic positions (Saxena et al. 2007).   

As discussed in the previous chapters, this study does have the limitation of being an 

observational study using a cross section of a small sample of clinics in a given state, 

their quality of care competences, and the community environmental characteristics of 

where they operate, and associated behavioral health outcomes which has implications 

with regards to model identification.  In order to reduce the potential for model 

dependence and bias, we controlled for lagged effects and performed a two-stage 

bootstrapping estimation methodology.  Although the decision to provide IT-enabled, 

evidence-based, and more affordable primary care may be endogenous, we believe that 

our sample of primary care clinics operating in a single state controls for federal and state 

level health care reform mandates.  In contrast to the studies in Chapter 3 and Chapter 4, 

we do not have access to a risk adjusted behavioral health measure.  Therefore, there 

could be additional clinically relevant effects that are not accounted for.  Extensions of 

this study with longitudinal data, other geographic regions, as well as different behavioral 

disease and clinical delivery contexts would provide robustness and generalizability to 

the reported findings.  More detailed IT-enabled measures such as IT investment, actual 

usage and amount information exchange measures would be beneficial.  Evaluating 

complementarities between resources and quality of care competences would be 

beneficial in order to realize the full potential of resources and quality of care competence 
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in improving behavioral health.  Further, the inclusion of more granular socioeconomic 

and demographic variables at the clinic level would be beneficial.  

In a broader sense, this chapter addresses important behavioral health care resource 

allocation decision problems by looking at ways to improve behavioral health care 

services and behavioral health outcomes through the supply chain for primary care.  By 

evaluating behavioral health outcomes and disparities across heterogeneous geographic 

areas, clinical settings, and patient populations, we identify community and primary care 

resources that could be better aligned in order to reduce unmet needs of the behavioral 

health patient population.  To our knowledge, this study is the first to empirically 

examine the relationship between IT-enabled, evidence-based, and affordable primary 

care on improving behavioral health outcomes while taking into consideration differences 

in community physical and social environmental characteristics. 
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Chapter 6 :  Conclusion 

 

“[A]wareness of multiple pathways allows consideration of varied 

opportunities for intervention”. 

~ Adler (2001) 

6.1  Health Care Supply Chain and Health Care Disparities 

Health care is only but a single pathway through which population health can be 

improved.  Yet, due to the growing evidence regarding social determinants of health, 

addressing health disparities through health care interventions requires collaboration from 

both private and public sectors (i.e., payers, providers, producers, government) at 

multiple levels (i.e., federal, state, local) in order to design health care supply chains that 

link the development of care to the delivery of care (i.e., biotech, health care finance, 

health care delivery) for a heterogeneous patient population  (Auebach and Krimgold 

2001; Burns et al. 2002; Sinha and Kohnke 2009).  As economic disparities continue to 

persist, the links between social position and health should be paramount in designing 

interventions that can not only improve population health in general, but that can confer 

greater benefit to those who are most in need.  After all, interventions that reduce 

disparities in the delivery of high quality care can be thought of as an approach to 

respond to broader quality of care problems (Epstein 2004). 

The dissertation makes a contribution to theory and practice by developing a 

framework that has cross-disciplinary underpinnings by identifying broad social 

differentials that give rise to disparities in health care delivery and evaluating the impact 



 

   

230 

 

of primary care characteristics that work in parallel with technology-enabled 

interventions to reduce disparities in the delivery of care.  Specifically, we highlight some 

of the challenges that primary care faces in its integral role in the health care supply chain 

in managing chronic disease conditions for those who are socioeconomically 

disadvantaged.  Therefore, we build on the knowledge base that addresses health 

disparities by situating health care supply chain for primary care in a broader community 

and environmental context (Lurie 2000).   In addition, given that policymakers are 

currently debating ways of transforming the U.S. health care sector, we consider not only 

the potential to advance theory and practice, but also the opportunity to inform policy 

making (Agarwal et al. 2010).  Below, we summarize the key findings of the dissertation 

and their implication for theory, practice, and policy making.   

6.2  Digitizing Under-Resourced Primary Care 

The first study of this dissertation (Chapter 3) empirically examined the relationship 

between IT leveraging competence and disparities in the delivery of high quality care for 

chronic diseases due to differences in community and individual enabling resources in 

primary care settings.  More specifically, we investigated the general hypothesis that 

leveraging IT infrastructure, IT functionalities, and IT-enabled information exchange will 

compensate for lower levels of community and individual enabling resources and 

therefore serve as a mechanism for reducing disparities in the delivery of high quality 

care.  Consistent with resource dependence theory arguments, we found that clinics that 

operate in lower socioeconomic areas and provide care to a greater proportion of patients 
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who are uninsured or with government assistance insurance and hence resource 

disadvantaged, are associated with lower quality of care.  In support of the HITECH Act, 

we found that higher levels of IT leveraging competence, namely IT infrastructure, IT 

functionality utilization, and IT enabled information exchange, are associated with high 

quality care.  Yet, counter to our expectations, we found that the effects of higher order 

IT capabilities, namely IT functionality utilization and IT inter-organizational 

information exchange, on the delivery of high quality care do not increase, but potentially 

decrease with lower levels of community and individual enabling resources.  This result 

suggests that higher order IT capabilities are complementary rather than substitutive for 

certain resources.   

From a policy perspective, decisions that promote the diffusion of higher order IT 

capabilities may result in exacerbating disparities due to differences in resources that 

enable access to high quality care.  The presence of structural differences in the provision 

of care due to characteristics of the communities and individuals served may result in a 

health care “digital divide” between providers that disproportionately care for the more 

socially disadvantaged and those who do not (Jha et al. 2009).  The various chronic care 

models reviewed in Chapter 2, highlight the need for community and health care system 

resources in order to provide more effective care (DH 2005; Epping-Jordan et al. 2004; 

Wagner 1998).  As such, “ameliorative” policies (i.e., incentives for leveraging IT in the 

health care supply chain) may require parallel “redistributive” policies (i.e., equalizing 

resources) given that the latter is a primary driver for disparities (Newman 2001).  Yet, 
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the ramifications of such policies could result in the political problem of re-distributing 

scarce resources and their benefits from the socioeconomically advantaged to the 

disadvantaged (i.e., public safety net funding) (Kawachi and Kennedy 2001; Newman 

2001; Wilkinson 2001).  These policy dilemmas highlight the difficulties that information 

technology has on improving the quality of health care in clinical settings with a 

heterogeneous patient population while at the same time addressing disparities in the 

delivery of care.  In highlighting these challenges our results can inform the Office of the 

National Coordinator in the development of the Federal Strategic Plan to Reduce Health 

IT Disparities (ONC 2011b).   

As for health care managers, given the nascent state of information technology 

diffusion in the health care sector, our results suggest that investing in IT infrastructure as 

a quality improvement intervention that supports the clinical care delivery process can 

serve as an effective mechanism to reduce the „gap‟ in the quality of care being delivered 

(Sequist et al. 2006).  The benefits of digitizing the paper-based processes can lead to 

efficiency gains which can compensate for the lack of resources.  Such digitization 

benefits argued to be specifically helpful in under-resourced clinical settings include 

enhanced provider-to-provider communication, improved coordination among otherwise 

fragmented health care services, and quicker access to patient information through 

sharing of data (Baig et al. 2010).  In addition, our results provide caution for clinical 

settings that are characterized by substantial resource constraints.  The study findings 



 

   

233 

 

suggest that such clinics should focus more on community and health system resources 

before further investing in higher order IT capabilities for care delivery. 

From a theoretical point of view, the dissertation extends the literature on the effect of 

resource constraints on health care access (i.e., Andersen et al. 2002; Brown et al. 2004; 

Kirby and Kaneda 2005) and health care process (i.e., Kc and Terwiesch 2009; Kc and 

Terwiesch 2011).  In particular, drawing from resource dependence theory, we can 

explain why health care organizations that operate in disadvantaged communities and 

provide care to a greater proportion of those who are marginalized are generally 

associated with lower quality health care.  In addition, we inform the MIS literature by 

providing three theoretical dimensions, namely IT infrastructure, IT functionality 

utilization, and IT inter-organizational information exchange, and inter-relationships 

between them, to evaluate the strategic effects of information technology on a clinic‟s 

ability to effectively execute operational processes (Pavlou and El Sawy 2006; Ray et al. 

2004; Ray et al. 2005).  Although IT infrastructure is in general not construed as an 

intangible and socially complex capability and therefore not rare or costly to imitate, our 

results suggest that there is a strategic value in having a foundation to support IT-enabled 

health care processes given the low information technology maturity level of the health 

care sector (Ray et al. 2005).  By looking at the interplay between enabling resources and 

information technology, our results build on the IT capabilities literature by providing 

support for IT complementarities between IT-based capabilities in combination with 

other resources (Bharadwaj 2000; Ray et al. 2005) as well as contribute to our 
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understanding of the benefits of information technology in resource-scarce settings 

(Walsham et al. 2007).  Lastly, in our evaluation of the impact of leveraging IT in health 

care supply chain we contribute to the knowledgebase of digitizing supply chain (Rai et 

al. 2006).       

6.3  Affordable Access to High Quality Primary Care 

The second study of this dissertation (Chapter 4) empirically examined the relationship 

between IT leveraging competence and affordable access to high quality care for chronic 

diseases.  We found that quality of chronic care increases with more affordable primary 

care.  In addressing disparities, we found that the effect of affordability becomes more 

prominent as community and individual enabling resources decrease.  Therefore, our 

results suggest that making care more affordable can serve as an effective mechanism for 

reducing disparities in health care delivery due to differences in resources that enable 

access to quality care.  When considering the relationship between affordability and IT 

leveraging competence, we found that investments in information technology capabilities 

are potentially associated with tradeoffs between cost and quality of care.  While IT 

infrastructure for supporting health care services and the capability of IT-enabled inter 

organizational information exchange are both associated with higher quality care, they 

are also associated with more costly care.  In addition, our results suggest that cost 

reductions through IT functionality utilization are a potential mechanism for making 

health care more affordable.      
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Our results have the potential to inform policy by providing support for making 

health care more affordable as a mechanism to improve access and quality in contrast to 

rationing health care services and lowering their quality (Chelimsky 1993).  Rather than 

individuals foregoing necessary treatment to improve the control of a chronic disease 

condition, those who have on-going health care needs can enter the health care system 

more readily ultimately increasing the probability of receiving appropriate care before 

their condition becomes acute and more complex.  In addition, given that financial 

constraints are associated with cost related non-adherence (CRN), policy mechanisms 

that specifically target those who are most vulnerable can lead to a reduction in health 

care disparities (Kemp et al. 2010; Kurlander et al. 2009; Mojtabai and Olfson 2003).  As 

such, programs aimed at increasing the affordability of accessing health care (i.e., 

HITECH Act) have merit as policy tools for not only improving health care quality but 

also reducing disparities.   

These results also provide insights for clinical practice by suggesting that improving 

affordability can result in improved adherence to treatment (Brook et al. 1983; Lohr et al. 

1986; Mojtabai and Olfson 2003).  In addition, our results suggest that as a quality 

improvement intervention, IT functionality utilization can result in higher quality by 

lowering health care costs providing support for information technology intervention as a 

cost reduction effort (Evans et al. 1999; Miller and West 2007; Overhage et al. 1997; 

Teich et al. 2000; Tierney et al. 1993; Wilson et al. 1982).  We also suggest that beyond 

cost savings obtained from the utilization of IT functionalities, there is a potential for the 
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„multitasking problem‟ in care delivery where the focus on IT functionalities takes 

attention away from other objectives (Rosenthal and Frank 2006).  As such, an 

unintended consequence of leveraging IT in care delivery may be an increase in the 

likelihood of slips, mistakes, and tasks not being completed which can inform 

information technology system designers and users in deciding to what extent to leverage 

IT functionalities (Collins et al. 2007).   

The study in Chapter 4 makes the following theoretical contributions.  In the domain 

of health care supply chain design, we contribute to the literature on supply chain 

management and IT capabilities by evaluating the roles of intra- and inter-organizational 

information technology interventions to improve affordable access to high quality care.  

This chapter extends our understanding of supply chain design for a heterogeneous 

patient population by considering affordability in the health care supply chain as a 

mechanism for linking the supply side with the demand side to improve access to quality 

care (Sinha and Kohnke 2009).  Consistent with our focus on interventions that have a 

greater impact for those who are in most need, supply chain interventions that can 

improve affordability appear to be particularly beneficial in contexts where resources are 

scarce (i.e., rural and marginalized communities, developing countries).  Drawing from 

Pavlou and El Sawy (2006), our three dimensional conceptualization of IT leveraging 

competence in health care delivery (i.e., IT infrastructure, IT functionalities, IT-enabled 

inter-organizational information exchange) allowed us to evaluate their differential 

process level impacts on affordability (i.e., cost-reduction) and quality.  As such, we 
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extend the theory on differential effects of IT capabilities on two distinct process-level 

performance outcomes (i.e., Ray et al. 2004; Ray et al. 2005).  Lastly, we also provide an 

illustrative context where the task-technology-fit lens would be valuable to reducing the 

unintended consequences from the potential mismatch between IT functionality and the 

information processing demands of health care delivery (Ash et al. 2004; Daft and Lengel 

1986; Goodhue 1995).     

6.4  Quality Primary Care for Behavioral Health 

The third and final study of this dissertation (Chapter 5) empirically evaluated the 

delivery of behavioral health care through the supply chain for primary care.  Focusing 

on treatment of depression, we demonstrated that clinics which operate in communities 

with superior physical and social characteristics were associated with improved 

depression outcomes.  Our results suggest that community behavioral health care 

resources and socioeconomic status are positively associated with short term depression 

outcomes.  Further, we found that a community‟s built environment and social support 

are positively associated with improvement in long term depression outcomes.  

Therefore, in addition to health care and economic resources, human made resources that 

support human activity as well as social support resources to assist with stressful events 

should be considered as significant components of the supply chain for behavioral health 

care.  Our results also suggest that primary care interventions for quality improvement, 

namely IT-enabled and evidence-based, are associated with improvements in both short 

and long term depression outcomes and that their effects are complementary with respect 
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to improvements in short term depression outcomes.  As such, the behavioral health care 

benefit obtained from IT-enabled and evidence-based care is greater when both are 

employed, where one enhances the effectiveness of the other, and vice versa.  The main 

effect of affordability, however, was associated with a decrease in the improvement of 

depression in the short term.  We found that the effect of improving the affordability of 

behavioral health care services depends on the community‟s socioeconomic status, where 

affordability can improve behavioral health in more disadvantaged communities.  

Contrary to our original expectations, we found that evidence-based care and community 

behavioral health care resources are complementary with respect to their effects on short 

term outcomes of care for depression. 

Consistent with the recommendations from The President of the United States‟ New 

Freedom Commission on Mental Health‟s (2003) report for transforming the U.S. 

behavioral health delivery system, we suggest the following implications for policy and 

clinical practice.  We find merit for placing behavioral health at the same urgency level as 

physical health by focusing on the delivery of quality behavioral health care in the supply 

chain for primary care.  In particular, our results suggest that improving the coordination 

and integration of physical and behavioral health care through quality improvement 

interventions in primary care (i.e., IT-enabled, evidence-based) can lead to improvements 

in behavioral health outcomes.  Interventions that facilitate linkages between primary and 

specialty care settings can strengthen communication and collaboration in order to 

provide greater continuity and quality of care (Simon 1998).  Of additional interest was 



 

   

239 

 

the counterintuitive negative main effect association between affordability on improved 

quality of behavioral health care delivery.  We suggest that this result is consistent with 

concerns from increasing pressures for cost containment and rationing in behavioral 

health services (Scheid 2003).  By rationing psychotherapy for less costly and more 

efficient pharmacotherapy may lead to decreases in the effectiveness of behavioral health 

care delivery (Kroenke et al. 2001).        

In order to address disparities, we consider the heterogeneity of community 

characteristics to provide insights for designing quality improvement interventions in the 

supply chain for primary care.  We identify community and primary care resources that 

could be better aligned in order to reduce unmet needs of the behavioral health patient 

population.  Although both The President‟s New Freedom Commission on Mental 

Health‟s (2003) report and the Office of the National Coordinator‟s strategic initiatives 

(ONC 2011a) emphasize IT adoption, use, and information exchange for improving 

behavioral health in geographical remote or underserved areas with less access to 

specialty care resources, our results suggest that IT-enabled interventions in primary care 

do not compensate for the lack of behavioral health care resources.  In addition, our 

results suggest that evidence-based practices are complementary with behavioral health 

care resources, therefore interventions to improve the quality of care delivery in primary 

care will not compensate for the unequal distribution of community resources which, in 

particular, affect people from low socioeconomic strata of the society (Saxena et al. 

2007).  As such, the diffusion of evidence-based practices may amplify disparities where 
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clinical settings that have greater access to behavioral health care resources will obtain 

greater benefit from employing evidence-based care (Aneshensel 2009).  Consistent with 

results for diabetes care, interventions that can improve affordable access to behavioral 

health care services are more beneficial in improving behavioral health outcomes in 

primary care settings that provide care in communities that are more socioeconomically 

disadvantaged.   

In terms of contributions to theory, we extend the understanding of important 

behavioral health care resource allocation decision problems by looking at ways to 

improve behavioral health care delivery and behavioral health outcomes through the 

supply chain for primary care.  Building on the previous chapters, we empirically 

examine the relationship between IT-enabled, evidence-based, and affordable primary 

care on improving behavioral health outcomes while taking into consideration differences 

in community physical and social environmental characteristics.  Considering upstream 

and downstream factors from the literature of the sociology of behavioral health allowed 

us to develop a broader conceptualization of the health care supply chain more consistent 

with Sinha and Kohnke‟s (2009) “care as a bundle” conceptualization.  The results 

highlight the need to consider both physical as well as social resources through the supply 

chain for primary care in order to design supply chain interventions that can benefit large 

numbers of patients within a community (Aneshensel 2009; Turner and Lloyd 1999).  

Whereas physical resources are more in line with the physical infrastructure, goods, and 

services that enable diagnosis and treatment, we stress the significance of social resources 
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in the health care supply chain to improve the ability of individuals to cope with stressful 

events to improve behavioral health (Andersen 1995; Sinha and Kohnke 2009; Turner 

and Lloyd 1999).  By looking at the interplay between IT-enabled and evidence-based 

care interventions, we further extend the IT capabilities literature by providing support 

for IT complementarities in health care (Bharadwaj 2000; Ray et al. 2005) and contribute 

to our understanding of the role of information technology in resource-scarce settings 

(Walsham et al. 2007).   

6.5  Limitations and Future Research 

Given the data structure, there are implications with regards to model identification.  

Therefore, we highlight some of the methodological limitations of the dissertation.  The 

dissertation is a set of three observational studies using a cross-section of clinics in a 

given state, the community environmental characteristics of where they operate, enabling 

resources that they must contend with, and associated quality of care competences for one 

physical and one behavioral disease condition.  Although the goal is to identify causal 

supply chain pathways or mechanisms of quality care, the cross-sectional nature of the 

data makes it difficult to draw conclusions about causation.  We attempted to control for 

demographic characteristics using Primary Care Service Area (PCSA) estimates as well 

as, in the case of diabetes, type of insurance coverage and risk of the patients.  Yet, there 

may be potential alternative explanations that are not controlled for due to the lack of 

clinic- and patient-level characteristics for each clinic.  There is also the potential of 

unobservables that influence the decision to leverage IT which can yield biased and 
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inconsistent estimates for the coefficients of interest.  We attempt to address this concern 

by (i) controlling for state and federal level incentives given that our sample of clinics is 

from a single state and (ii) performing multi-stage estimation approaches by including an 

instrumental variable.  Yet, the exclusion restriction assumption may be a challenge, as 

well as the potential still remains for unobservables influencing other treatments (i.e., 

evidence-based care and affordability).   

Consistent with multi-level health care research (i.e., Andersen et al. 2002; Gittell 

2002; Ross and Mirowsky 2008; Sequist et al. 2008), we assume a linear association 

between the independent variables of interest and health process and health outcomes 

variables.  In order to reduce the potential for model dependence and bias, we employed 

subsample, matching, and multi-stage bootstrapping methodologies.  However, non-

linear or curvilinear relationships (i.e., cut-off points, discontinuities, higher-order terms) 

are also plausible.  There is also the potential of selection which suggests that lower 

quality clinics are located in communities with a specific demand for their services (Yen 

and Syme 1999).  Such selection mechanisms are more difficult to disentangle and to 

control for since it requires that we identify clinic characteristics that do not factor into 

the quality of care delivered, but do factor into the community location decision.  

The fore mentioned limitations stress the methodological challenges faced in 

conducting research on health care disparities (see Adler and Rehkopf 2008) and 

therefore also provide direction and opportunities for future research.  Given that random 
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assignment of clinics to treatments (i.e., community characteristics, quality improvement 

interventions, patient characteristics) is unlikely, in order to draw causal inferences, study 

designs are needed that identify the “natural experiment” were the assignment of the 

clinic to the treatment condition can be identified and modeled.  Longitudinal studies 

(i.e., panel data structures) would be beneficial in order to provide repeated measures 

over time to capture the temporal sequence of both the independent and dependent 

variables.   

Central to our arguments in the dissertation is the heterogeneity in resources 

influencing health care as well as health outcomes.  Therefore, extensions to the 

dissertation should include other geographic regions as well as different disease and 

clinical delivery contexts (Agarwal et al. 2010).  It would be particularly advantageous to 

obtain the payments received for health services rendered for the different categories of 

payers (i.e., non-insured, government assistance, commercial insurance, Medicare) to 

provide insights for the effects of different financial mechanisms on access to high 

quality health care for different population groups.  In order to make inferences for health 

care improvement at the patient-level, individual patient characteristics (i.e., health care 

process, health outcomes, comorbidity, socio-demographics) would also be necessary 

(Gittell 2002; Kc and Terwiesh 2011; Sequist et al. 2008).         

The dissertation provides suggestions for pathways and mechanisms through which 

health care delivery and health outcomes can be improved.  Therefore, future research 
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could test the pathways and mechanisms through which health care is improved for both 

physical and behavioral health contexts (Aneshensel 2009; Adler and Rehkopf 2008).  

Designing such studies will lead to a deeper understanding of the distal (i.e., physical and 

social environmental characteristics) and proximal (i.e., IT-enabled, evidence-base, and 

affordable primary care) constructs whose pathways are to be evaluated.  As the U.S. 

health care sector continues to be digitized, availability of data will increase due to local, 

state, and federal reporting requirements (Agarwal et al. 2010).  The availability of more 

granular data will allow for more precise measures for variables of interest as well as 

more informative models.  More detailed and granular measures for quality improvement 

interventions would be useful to explore the characteristics and components of 

interventions that are substitutive versus complementary for community and clinical 

resources.  Evaluating relationships between resources and quality of care competences 

would be beneficial in realizing the full potential of resources and quality of care 

competences. As the demographics of the population becomes more diverse, inquiries in 

this direction would extend our knowledge base on how to design supply chain 

interventions in health care for not only improving the quality of care, but also reducing 

disparities in health care delivery.     
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