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Abstract
The Local Initiative Support Corporation (LISC) has undertaken comprehensive
community development across the country for decades. Despite a general acknowledgment by
staff that their work impacts the health of the communities they serve, they have never measured
and quantified their health impact. As LISC prioritizes health under a new CEO and seeks new
partnerships with healthcare organizations, no estimate of impact too often implies no impact. I
undertook my doctoral project to answer the question: How can LISC measure and communicate
their health impact through social determinants of health research? Although academic literature
offers an abundance of definitions, diagrams, and support for the vital significance of social
determinants of health, there is no precedent on how to quantify the health impact of community
improvement. I devised a novel quantitative approach to estimate the correlational health impact
of LISC’s work across projects that improve education, income and/or employment. I
interviewed LISC staff to determine how the data should be used by the organization. I found a
large need of estimates of health impact, yet trepidation to use such a novel measure in the field
of community development which is less familiar with public health concepts. Based on this
research, I developed a calculator in the form of an Excel spreadsheet that LISC staff, as well as
other community development organizations, can use to estimate the health impact of a given
project. I recommended that LISC seek further input from healthcare partners and community
stakeholders, and to eventually roll the calculator out to internal and external staff. The idea of
social determinants impacting health is long overdue in general policy and practice circles. I
hope this work contributes to utilizing the knowledge we already have on what affects our health.
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Introduction
Christopher Murray and Alan Lopez saw a problem. In the early 1990s, they were trying
to compare diseases by the total harm they contributed to humanity, what they called disease
burden, with a goal to create objective evidence on trends and drivers of population health for
priority setting (Murray & Lopez, 2017). The problem they noticed was that diseases which did
not have good estimates of impact were overlooked, while those with well-documented statistics
were more likely to be addressed (Dicker et al., 2018; Murray & Lopez, 2017). The unmeasured
diseases could be causing greater disease burden than those with good measures, but estimates
were missing. While they knew there were research gaps to make these estimates, their
conclusion was that, “Too often, no estimate of a problem is interpreted as an estimate of no
problem” (p.1460).
My host organization, Local Initiative Support Corporation (LISC), is facing an
analogous challenge as Murray and Lopez, but with estimates of impact, rather than estimates of
a problem. LISC is a national non-profit organization formed in 1979 to support a wide-range of
community development projects, with goals to improve housing, businesses, jobs, education,
safety and health in communities in need across the country (LISC, 2020). They believe that they
are bettering health in the communities they serve through improving the social determinants of
health (SDOH), but they do not know how to measure it. Though research is clear that SDOH are
significant, there is no consensus on how to quantify this relationship and attribute specific
health improvement to SDOH interventions. Moreover, there is no method to compare across
interventions to decide if an income or educational intervention, for example, would be more
impactful. In the words of Murray and Lopez, no estimate of health impact is too often
interpreted as no health impact.
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LISC’s need for a health impact measure is growing. In 2017, LISC CEO Maurice A.
Jones prioritized health for the first time in an article published on LISC’s website, “Better health
won’t be just a collateral benefit of our community transformation work. It will be a priority”
(Jones, 2017). He specifically identified addressing inequality of life expectancy by zip code as
an objective. The immediate obstacle to his plans, however, was how LISC will measure and
monitor their health impact. Mr. Jones called for “designing a plan to assess the health outcomes
of our broad work in economic development, housing, safety and financial stability” (Jones,
2017).
My doctoral project was to solve this problem. My research question was: How can LISC
measure and communicate their health impact through SDOH research? I undertook this project
while a part-time consultant with the LISC health team from July 2019 through March 2020. My
work consisted of three different approaches. I performed a literature review to understand the
state of research on SDOH, including the evolution of the idea, how it is defined and measured,
the effect of SDOH interventions, and barriers to translating SDOH into policy. I then developed
a novel quantitative approach to estimate the health impact of LISC’s interventions using a
nationally representative survey. My quantitative approach includes several assumptions, which
will be discussed in-depth. My third approach was a qualitative analysis consisting of 13
interviews of LISC staff to determine how the data could be implemented and accessed by staff
and how best to communicate the results to intended audiences.
These methods led me to two sets of results. First, my quantitative results estimate the
health impact of LISC’s work in terms of cases of disease prevented and disability-adjusted life
years prevented, a measure created by Christopher Murray and Alan Lopez in their Global
Burden of Disease Study (Dicker et al., 2018). Secondly, my qualitative findings identify how
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LISC should use the data in a future state and the facilitators and barriers to get to this future
state. They are framed in a simple change management process about adopting the data at LISC.
From these results, I state five recommendations for how LISC should proceed with the data,
both internally and externally to advance the goals of the organization. I conclude that the idea of
SDOH is yet to be adopted widely in policy, especially in the US, and LISC can be a thoughtleader in advancing SDOH research in community development.
Measuring the health impact of SDOH projects has implications beyond LISC. Globally,
SDOH has been a major topic of research in public health since being adopted by the World
Health Organization (WHO) in the 1990s (Krieger, 2011). In 2008, the Commission on Social
Determinants of Health (CSDOH) released a seminal international report stating the significance
of SDOH as the driver of health inequity (WHO CSDOH, 2008). This work was followed by
similar major reports in the UK and Europe on SDOH(Marmot, 2015). Major international
conferences sponsored by the UN and WHO have also focused on SDOH, and major voices
within public health, notably Michael Marmot, who chaired the CSDOH report, and Sandro
Galea, Dean of the Boston University School of Public Health, have published lay books on the
subject to reach wider audiences (Galea, 2019; Marmot, 2015).
Within the US, the focus on SDOH in policy circles has been more muted relative to
other countries. This oversight may be a big problem according to Elizabeth Bradley and Lauren
Taylor in their 2013 book, The American Healthcare Paradox. They explored the question of
why the US spends more on healthcare, as a percentage of gross domestic product, than all other
wealthy countries, yet has only mediocre health outcomes(Bradley & Taylor, 2013). They found
that the US spends less on social services, such as affordable housing, unemployment insurance,
welfare programs, which address non-clinical factors of health, compared to other countries.
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When healthcare and social service spending is combined, the US is no longer an outlier. In fact,
we spend less than many other wealthy countries. Bradley and Taylor concluded that it is the
lack of spending on social services, relative to healthcare spending, that limits US health
outcomes and increases healthcare spending. They find it is not just the US, but that there is a
statistically significant relationship between less social service spending and poorer health
outcomes, such as increased infant mortality and decreased life expectancy, across other wealthy
countries. Thus, they advise the US to spend more on SDOH services to improve health.
Their advice has recently been boosted by policy, including the Patient Protection and
Affordable Care Act (ACA). Due to the transition from volume- to value-based reimbursement
engendered by these policy changes, healthcare organizations have a growing interest in SDOH
(Bruce Merlin Fried & Sherer, 2016). One new approach has been partnerships between
healthcare institutions and community development organizations, including LISC, exemplified
by the Healthcare Anchor Network (HAN) (Blanchfield, 2019; Koh et al., 2020). HAN is a
network of 41 healthcare organizations around the US with over $100 billion in investment
assets, which utilize hiring, purchasing and investment power to improve SDOH through
increasing local community wealth(Goodman, 2019; HAN, 2019). Being able to measure health
impact from community development projects could help facilitate these partnerships which
improve SDOH and, according to Bradley and Taylor, could improve health outcomes in the US.
My results have limitations and the methods have qualifications. LISC impacts SDOH
through more factors than income, education, or employment status, such as increasing access to
healthy foods and promoting environmentally sustainable construction practices. Expanding to
include more types of projects than I am able to measure here should be a future priority.
Moreover, my quantitative results rest on cross-sectional data, which require assumptions to
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estimate impact. Data sources and methods should be updated if more rigorous data are
published, such as a nationally representative longitudinal data source.
Again, the experience of Murray and Lopez offers a precedent. Their initial estimates of
disease burden comparisons were eventually published as the Global Burden of Disease Study
(GBD) in the Lancet in 1997(Murray & Lopez, 2017). Since then, the GBD has published five
iterations, most recently in 2018 and has grown to include 333 diseases and injuries in 195
countries for the most comprehensive dataset of disease burden in the world (Murray & Lopez,
2017). Over this time, the methodology has changed dramatically. A small group of analysts
produced the first version and now over 2000 collaborators work on the project. New statistical
models were developed to merge different data sources. Finally, estimates of disability of
chronic diseases were initially produced by an expert panel. Since 2010, disability weights, a
vital estimate in the GBD, has been based on large public surveys which ask responders to
compare disease states (Murray & Lopez, 2017). Throughout their development, Murray and
Lopez stated that their goal was to provide the best available estimate of the burden of disease,
while also being transparent about their assumptions and methods needed to form these estimates
(Murray & Lopez, 2017).
This document is structured as follows. The following section will review literature on
SDOH. The next section will describe the quantitative approach I developed to measure LISC’s
projects and my qualitative approach to identify how to implement it. After, I will describe the
results of each approach. Then I will discuss my five recommendations for how the data can be
used at LISC. Finally, I end with a conclusion that discusses what I hoped to contribute to LISC,
public health research and my professional development.
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Literature Review
I will use this literature review to give a brief overview of SDOH theory, including how
the idea originated, what factors are defined as SDOH, and conceptual frameworks which
highlight certain SDOH and how they interact. Next, I will describe how this research is being
used in practice. Then I will review research on practical interventions with an aim to improve
health through SDOH. Finally, I will explain difficulties in translation SDOH theory into
practice and why there is a lack of SDOH in major policies.
Developing SDOH as an Idea
In the field of political sociology, an ‘idea’ has been defined simply as a causal belief that
“posit(s) connection between things and between people in the world” (p.3) (Béland & Cox,
2010). In this light, SDOH is therefore the idea that social factors cause health outcomes. This
idea grew out of the field of social epidemiology which slowly evolved throughout the 20 th
century. In this period, ideas about the causes of health expanded from more proximal
determinants of health, primarily on a medical/biological basis, to a broader set of distal factors,
including, first environmental and, eventually, social determinants (Krieger, 2011).
A thorough description of the evolution of causal beliefs about health is in Nancy
Krieger’s Epidemiology and the People’s Health, a book which traces the historical development
of the field of epidemiology (Krieger, 2011). Though Krieger finds that the term ‘social
determinants of health’ became common only in the last 20 years, the idea that social and
environmental factors effect health dates back to the ancient Greeks, who understood that “airs,
waters, and places” - as they phrased it - affected health (p.45) (Krieger, 2011).
In the modern era, the dominant epidemiological theory for most of the 20 th century was
a biomedical and lifestyle model which focused on proximate determinants of health, such as
diet and exercise. According to Krieger, there have been three subsequent theoretical
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frameworks, focusing on more distal factors - sociopolitical, psychosocial and ecosocial. The
‘social determinants of health’ is a key concept in each of these contemporary theories though
what determinants are included, or emphasized, differs from model to model (Krieger, 2011).
The sociopolitical theory focuses on social factors and their direct relationship with health. In
general, the psychosocial theory describes similar factors but also includes someone’s
psychology as a mediator through which social factors are channeled to effect on health. The
ecosocial model is the newest and focuses on the holistic integration of societal and bio-physical
determinants (Krieger, 2011). Across these three approaches, Krieger concludes that there is no
consensus definition or single inclusion criteria for what a SDOH is (Krieger, 2011). However,
the ‘idea’ that social factors cause health outcomes is prevalent in all three models.
The general term ‘social determinants of health’ gained significant attention when the
World Health Organization (WHO) adopted it in the late 1990s (Krieger, 2011). A major voice
advocating for the WHO use was Michael Marmot, a well-known epidemiologist, who chaired
the first Commission on the Social Determinants of Health (CSDOH), which formed in 2005
(Marmot, 2005). Marmot stated the aim of the CSDOH was to explore “the societal relations and
factors that influence health and health systems” and make them “visible, understood, and
recognised as important” (p. 1099) (WHO CSDOH, 2008). From his personal research on
differences in health outcomes by social status, he approached social determinants as the cause
of large health disparities and inequities around the world, which persist to this day despite years
of actions and millions of dollars (Marmot, 2015). Marmot refutes the common, early answer
that health disparities were caused by poverty by noting that countries with similar poverty rates
have significant differences in health outcomes. Thus, the solution to health inequities must be
more than just poverty reduction (Marmot, 2005).
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CSDOH published the 2008 landmark report, “Closing the Gap in a Generation: Health
Equity through action on the Social Determinants of Health ”(WHO CSDOH, 2008). The
CSDOH was charged with collecting and synthesizing global evidence on SDoH and
recommending action to address health inequity. Their report aimed to go beyond the immediate
causes of disease, to the ‘causes of the causes,’ with the ultimate goal to create an approach to
resolve health inequity throughout the world (WHO CSDOH, 2008). The Commission gave three
overarching recommendations: improve daily living conditions, tackle the inequitable
distribution of power, money and resources, and measure and understand the problem and assess
the impact of action (WHO CSDOH, 2008). The Commission aspired to create a global
movement to address health inequity.
The report, and the accompanying paper in the Lancet which has been cited nearly 1,000
times, had spurred new discussions on health policies on the international stage with several
major initiatives and conferences in the subsequent years (Donkin et al., 2018). In 2010, the
WHO Adelaide Statement on Health in All Policies (HiAP) publicized the need for cross-sector
collaboration to address SDoH and promote health equity. HiAP then became the sole issue
discussed at a major WHO conference in 2013 (Donkin et al., 2018). In the US, the Centers for
Disease Control launched a concerted effort to promote HiAP with a large web presence (CDC,
2015b). In 2011, the Rio Political Declaration on Social Determinants of Health, a global
political commitment for the implementation of a SDoH approach to reduce health inequities,
was signed by 125 countries (Donkin et al., 2018). The declaration led to a UN resolution in
2012 that called on member states to address SDoH through cross-sector collaboration (Donkin
et al., 2018). Finally, SDoH features prominently in the UN Sustainable Development Goals, one
of the largest social policy initiatives in the world(Donkin et al., 2018).
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In addition to these efforts, Marmot personally has continued to advocate for SDOH and
improving health equity following the 2008 CSDOH Report (Marmot, 2015). He was chosen by
Prime Minister Gordon Brown to look at health inequity within the United Kingdom
immediately after the 2008 release. In what become known colloquially as the Marmot Review,
the report entitled “Fair Society, Healthy Lives” was published in 2010 and aimed to make
recommendations to improve health equity specifically to the British government. His third
major report followed shortly, when he was part of the group from the European WHO that
published “European Review of Social Determinants and the Health Divide” in 2014 (Marmot,
2015). The European Review examined social determinants across Europe to inform the work of
the Director of the European Office of the WHO. All of these articles received much publicity
and attention in the lay media (Marmot, 2015).
Despite these efforts, there has been criticism on the lack of actual progress to improve
SDOH (Rasanathan, 2018; J. Smith et al., 2018). The major critique is that most evidence shows
health inequities remain and are possibly growing. Second, there was no major reorganization or
change in emphasis within a major global health funder, like the WHO. More recently, some
have argued that the latest political results in the US and abroad have suggested a general lack of
interest or care for equity (Rasanathan, 2018). An example of this criticism is an Australian
review of CSDOH’s impact, in which the authors note that direct action has been limited in their
country despite numerous policy proposals and efforts. In summary, they write that “There needs
to be a shift in focus from what we know about SDH, to what we do about it” (p.5) (J. Smith et
al., 2018). The authors state the cause for this inaction are the entrenched opponents, such as
healthcare and business interests, to SDoH within the geo-political economy, and the lack of
clarity about SDoH and what can be done (Rasanathan, 2018).
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Focusing on the US, there is no analogous governmental report on SDoH as in the UK or
Europe since CSDOH’s work. The only related major governmental report that could be found
was the Institute of Medicine’s 2002 book on health equity entitled “Unequal Treatment:
Confronting Racial and Ethnic Disparities in Healthcare,” which found many racial and ethnic
disparities in health outcomes and in healthcare (Nelson, 2002). The emphasis of the study was
disparities within clinical settings with only passing references to SDOH though. The solutions
proposed were thus mainly clinical and recommended how to improve the healthcare experience
for minorities.
Despite the lack of major governmental initiatives, there are five efforts within the US
about SDOH to note. The first is a 2016 discussion paper commissioned by the National
Academy of Medicine about social determinants (Nelson, 2002). Written by seven public health
leaders across the country, the paper states, “Overcoming our national health disadvantage will
require rebalancing our priorities to focus more on preventing or ameliorating health-damaging
social conditions and behavioral choices” (p.9-10) (Adler et al., 2016). There was no evidence
found, though, that this article had appreciable impact on federal policy.
Second, Healthy People 2020, a federal government effort to define the major health
goals in the country every ten years included SDoH, especially in one of the overarching goals to
“create social and physical environments that promote good health.”(Healthy People 2020, 2014)
Healthy People 2020 included objectives in five areas of social determinants: economic stability,
education, social and community context, health and health care, and neighborhood and the built
environment (Healthy People 2020, 2014). Each area had several specific objectives within it,
such as increasing the number of voters in federal elections in the area of social and community
context, and the percent of high school seniors who enroll in college the following fall for
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education (Healthy People 2020, 2014). Results and conclusions of these measures should be
published as soon as this year.
Third, the WHO’s HiAP strategy was incorporated into the National Prevention Strategy,
released by the Centers for Disease Control in 2011 (CDC, 2015b). Though the report has been
taken off their website,* a resource portal remains with information and guides to help
individuals, families and communities achieve better health. Step-by-step information is included
for state and local governments, to promote innovative leadership, and case studies of
experiences (CDC, 2015b).
The fourth example is the Robert Wood Johnson Foundation’s (RWJF) work on building
a culture of health (RWJF, 2018b). RWJF is the largest philanthropy organization in the US
dedicated solely to health (RWJF, 2018a). Starting in 2014, RWJF created a vision of a culture
of health in the US as a way to improve health outcomes, equity and overall wellbeing (RWJF,
2018a). A 2015 report, “From Vision to Action,” explained the framework RWJF would utilize
in their funding priorities (RWJF, 2015). SDOH were a central focus of the report, which noted
that “health and well-being [are] the sum of many parts, addressing the interdependence of
social, economic, physical, environmental, and spiritual factors” (p.6) (RWJF, 2015). Advancing
equity is the key to their four stated action areas of making health a shared value, fostering crosssector collaboration to improve well-being, creating healthier, more equitable communities, and
strengthening integration of health services and systems (RWJF, 2015). The initial report
included 41 measures to track this progress, which were updated to 35 in May 2018 (RWJF,
2018a).

*

https://www.hhs.gov/surgeongeneral/not-found/priorities/prevention/strategy/index.html
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RWJF funded the fifth notable project in the US on SDOH, the County Health Rankings
and Roadmap (CHRR), which is a ranking system of health for most counties in the United
States and is published annually in US News and World Reports (CHRR, 2019). CHRR uses
similar metric as those listed in RWJF’s action framework to evaluate and rank counties within
the US (RWJF, 2015). Updated annually, the rankings are intended to show how social factors
relate to health and to help counties pinpoint what changes are necessary to improve it (CHRR,
2019). It is discussed in more detail below.
Defining SDOH
The WHO defines SDOH as “the conditions in which people are born, grow, live, work
and age.”(World Health Organization, 2019) While a comprehensive review of SDoH definitions
and measures is outside my scope, I will analyze a subset of examples of what these conditions
are. A summary is shown in Table 1. Starting with the examples previously mentioned, Healthy
People 2020, the WHO’s CSDOH, and the CHRR all include similar factors as SDOH, though
there are slight differences in terminology (Galea, 2019; Healthy People 2020, 2014; Marmot,
2015; WHO CSDOH, 2008). The five SDOH goals for Healthy People 2020 are economic
stability, education, social and community context, health and health care, and neighborhood and
built environment (Healthy People 2020, 2014). The CSDOH included material circumstances
(similar to built environment), education, income, and demographic features, as well as more
distal factors such as governance and cultural and social norms (WHO CSDOH, 2008). The
CHRR used education, employment, income, family support and community safety, as well as
the physical environment (CHRR, 2019).
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Table 1. List of SDOH by Sources

Source
List of SDOH
Healthy People Economic Stability, Education, Social and Community Context, Health and
2020 Healthcare, and Neighborhood and the Built Environment
(2014)(Healthy
People 2020,
2014)
Governance, Macroeconomic Policies, Social Policies, Public Policies, Culture and
CSDOH
Societal Values, Social Class, Education, Occupation, Income, Material
(2008)(WHO
Circumstances, Behaviors and Biological Factors, Psychosocial Factors, Health
CSDOH, 2008)
System, Social Cohesion, and Social Capital
Health Behaviors (ex: tobacco use, diet and exercise, alcohol and drug use, sexual
CHRR
activity), Clinical Care (Access and quality), Social and Environmental Factors (ex:
(2015)(CHRR,
education, employment, income, family and social support, community safety),
2019)
Physical Environment (ex: air and water quality, housing and transit)
Brunner and Social Structure, Material Factors, Work, Social Environment, Health Behaviors,
Marmot Psychology, Pathophysiological Changes, Early Life, Genes, and Culture
(1999)(Brunner
, 1999)
Evans and Social Environment, Physical Environment, Genetic Endowment, Individual
Stoddard Response (Behavior and Biology), Health and Function, Healthcare, and Prosperity
(1994)(Evans &
Stoddart, 1994)
NAM Race/ethnicity, Education, Financial Resource Strain, Stress, Depression, Physical
Committee Activity, Tobacco Use and Exposure, Alcohol Use, Social Connections and
(2015)(Institute Isolation, Exposure to Violence, and Neighborhood and Community Compositional
of Medicine, Characteristics
2015)
RWJF* Medical Care, Personal Behavior, Living and Working Conditions in homes and
(2008)(Krieger, communities, Economic and Social Opportunities and Resources
2011)
Dalhgren and Individual Lifestyle Factors, Social and Community Networks, General
Whitehead* Socioeconomic, Cultural and Environmental Conditions (ex: agriculture and food
(1993)(Krieger, production, education, work environment, living and working conditions,
2011) unemployment, water and sanitation, healthcare services, housing)
* As quoted in Krieger 2011.

These sources are also comparable to examples from wider literature. Brunner and
Marmot (1999) list social structures, work, social environment, material factors, culture and early
life as social determinants of health in their schematic (Brunner, 1999). Evans and Stoddard
(1994), which provided the basis for the CSDOH framework, listed social environment, physical
environment, individual behavior and prosperity as social determinants of health (Evans &
Stoddart, 1994). Moreover, the National Academies organized a committee of health
13

professionals to make recommendations on which SDOH items to include in electronic medical
records in the US in 2015. While also considering feasibility and usefulness, they chose 17
measures across five domains: sociodemographic, psychological, behavioral, individual level
social relationships and living conditions, and neighborhoods and communities (Institute of
Medicine, 2015). Finally, there are two examples which Krieger (2011) gives in her book; the
RWJF in 2008 and Dalhgren and Whitehead (1993). They list the following SDOH: agriculture
and food production, education, work environment, unemployment, water and sanitation, and
housing, personal behavior, and living and working conditions (Krieger, 2011).
A perennial question in these lists of relevant SDOH is how far back to trace the ‘causes’
of a health outcome. There are two notable examples of an answer. First, Geoffrey Rose used the
term ‘the causes of cause’ to attempt to identify the first cause in his widely acclaimed book,
Strategy of Preventive Medicine (Rose et al., 2008). Rose wanted to identify the most effective
ways to prevent disease. He argued for more priority on distal causes, even though there is less
evidence of causal relationships. He wrote “causal priority is not based on the certainty of the
causal attribution but on the efficiency with which the removal of the cause could potentially
reduce the incidence, or overall burden of disease” (p.28) (Rose et al., 2008).
The second framing of this idea is from Phelan and Link, who used the term
‘fundamental cause.’(Phelan et al., 2010) Their idea is that a fundamental cause of disease has
four features: influences multiple diseases, acts through multiple mechanisms, involves access to
resources and is repeated over time so that the effects compound (Phelan et al., 2010).
Fundamental causes must be addressed directly, rather than through interventions that improve
individual mechanisms through which they affect one’s health (Link & Phelan, 1995).
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Each framework discusses these ‘causes of cause,’ or ‘fundamental causes’ differently.
Some base determinants on a social environment which is structured by “government policies
and status hierarchies” as the cause of causes of disease (p.185) (Krieger, 2011). While other
concepts examine the political-economic system which promotes privilege and power to a subset
of the population, as a further factor in disease prevalence, naming this idea as the “causes of
causes of causes” (Birn, 2009 in Krieger 2011, p.185)
Discussion on what level of ‘cause’ should be a focus on SDoH intervention was recently
discussed in more practical terms by Green and Zook, who argue that social determinants should
be considered the most “upstream” determinants and differentiate SDOH from social needs and
social risk factors (Green & Zook, 2019). In their typology, social needs are the immediate needs
of individuals, while social risk factors are “adverse social conditions associated with poor
health” (Green & Zook, 2019). They add a practical component to the concepts from Rose and
Phelan and Link, and argue for stricter terminology in the discussion of ‘causes’ within SDoH
thinking (Green & Zook, 2019).
Aggregating SDOH
Once SDOH items are defined, the next step is to aggregate them together to form a
metric of health. Many studies have used diagrams to show how SDOH interact and relate across
causal levels. Again, I will discuss a subset of examples to show the general direction of the
literature rather than a comprehensive list.
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Figure 1. CSDoH Framework from “Closing the Gap in a Generation”(WHO CSDOH, 2008)

A foundational SDoH diagram was in the CSDOH’s 2008 report and ultimately published
independently in 2010 (Krieger, 2011; Solar & Irwin, 2010; WHO CSDOH, 2008). The 2008
version can be seen in Figure 1. The diagram shows factors, such as material circumstances and
personal behavior, and more distant, structural drivers of health, such as cultural norms, public
polices and governance (WHO CSDOH, 2008). Determinants that could not be changed, like
genetics were not included (WHO CSDOH, 2008). CSDOH choose which SDoH to include by
the coherence of the global evidence base, and as much as possible, based recommendations on
scientific studies. However, the authors also noted gaps in the research, especially around
determinants that are not easily modifiable, such as national economic policies and governance
structures. For example, it is nearly impossible to have a randomized control trial of capitalism,
or a national transportation plan. Thus, they included evidence from outside peer reviewed
studies, such as expert knowledge, case studies and field visits (p.42) (WHO CSDOH, 2008).
The CSDOH framework was based on an earlier framework by Evans and Stoddard
(1994), who incrementally designed a diagram of SDOH, from more proximal causes such as
healthcare, through lifestyle and the physical environment to, finally more distant causes such as
16

general prosperity, wellbeing, and the social environment (Evans & Stoddart, 1994). CSDOH’s
framework was updated in 2010 by Solar and Irwin, who explicitly stated that they wanted to
merge the three contemporary theories (sociopolitical, psychosocial, and ecosocial) into a
mechanistic framework (Solar & Irwin, 2010).
In addition to the CSDOH diagram, Krieger (2011) includes two other frameworks: one
from Dahlgren and Whitehead (1993) and one from the Robert Wood Johnson Foundation
(2008). Both frameworks denote the proximity of each determinant through concentric halfcircles which emanate outwards from an individual or their health. Dahlgren and Whitehead
include general socioeconomic, culture and environmental conditions, social and community
networks, and then individual lifestyle factors. RWJF includes medical care and personal
behavior as the most proximal causes and then living and working conditions in homes and
communities, and finally economic and social opportunities and resources as more distant
determinants (Krieger, 2011).
The last example is from Pew Charitable Trusts, which uniquely took a pictorial focus to
their diagrams in their Health Impact Project in collaboration with RWFJ (Pew, 2020). The
purpose of their project was to encourage organizations to consider the health impact of policies
in SDoH sectors. To that ends, they created several images that show how a single sector of
factors influences health. Separate images were created for housing, community development,
education, employment, transportation, and involvement in the criminal justice system (Pew,
2020). An example is shown in Figure 2 for housing. What is notably different in this image is
the focus on a single area and the qualitative story linking qualities of housing with health in the
write up below the image.
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Figure 2. Pew Charitable Trusts Housing Framework(Pew, 2020)

Measuring SDOH in Practice
Despite the lack of clarity around SDOH in theory, there are several examples of attempts
to measure SDOH, or aggregate health, in practice. A recent article by Elias et al (2019) provides
an overview. The authors’ aim was to identify current SDoH measurement tools and compare the
categories included. They had four criteria for inclusion: explicitly including both health and
social determinant components, the ability to disaggregate data by geographic area, that the tool
was publicly available and had been updated in the past ten years.
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Figure 3. BHPN Review Results (Elias et al., 2019)

Figure 3 shows their analysis of the 18 tools (of 65 found) which matched the inclusion
criteria (many tools were excluded due to proprietary data) (Elias et al., 2019). The 18 examined
tools were from three sectors, as defined by the authors: health, built environment, and cross
sectoral. The authors also pre-defined 12 categories that SDoH measures could be from, based on
Healthy People 2020. Of these 12 categories, they found that on average eight were included in
each tool, with a minimum of four and a max of 12. No tool measured a single quantity and half
were started in the last five years.
A notable example is the CHRR, mentioned previously, which prominently features
social and economic factors contributing 40% and another 10% for physical environment
towards an individual’s health status as seen in the diagram below (Figure 4). These percentages
were chosen based mainly on the discussion from a convening of population health experts in
2009 that launched the first iteration of CHRR (Remington et al., 2015). To choose the weights
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of each category, CHRR relied on multiple inputs, including expert opinion, literature review and
“pragmatic issues involving communication and stakeholder engagement” (p.3) (Remington et
al., 2015).
Figure 4. CHRR Measurement Model (CHRR, 2019)

Another question facing these efforts is what measure to use for each SDOH. There are
two examples of sets of metrics that attempt to provide an answer. The first is the Wellbeing in
Nation (WIN) Measurement Framework, which aimed to take a prospective look at what
indicators could be used in future measures of population health (WIN Framework, 2019). The
framework was created after a request from the Department of Health and Human Services to
their advisory board, the National Committee on Vital and Health Statistics (NCVHS), which
wrote an initial set of recommend measures in 2016. The NCVHS then partnered with the 100
Million Healthier Lives initiative, which is a cross-sector coalition of organizations trying to
improve health across the country, to write a follow-up.
There were two requirements for the second report from NCVHS: (1) that the framework
should be flexible to meet needs from different community contexts and (2) have a parsimonious
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set of core measures. The objective was to create a living library of common measures of health
and social determinants that can be easily used across sectors and initiatives. The resulting WIN
Framework includes a set of Core Measures, Leading Indicators, and an expanded set of highlyrecommended measures, each including the data source where it can be found (WIN Framework,
2019). There are three core measures; wellbeing of people, wellbeing of places, and equity.
Feeding into these are ten leading indicators; demographics, community vitality, economy,
education, housing, health, transportation, food and agriculture, environment and infrastructure,
public safety (WIN Framework, 2019). The hope is that public health departments and
practitioners will adopt these measures to estimate the health of their communities.
The second example is a resource report created by NeighborWorks America, a
congressionally chartered, nonpartisan, nonprofit organization aimed at improving social
conditions (Mulcahy, 2017). The goal of the report was to offer a set of “measurement tools to
help both community development and community benefit practitioners document and
demonstrate the impact of their efforts on individual and community health” (p.3) (Mulcahy,
2017). Using a literature review and a convening of experts, the report lists more than 60 data
collection including surveys, observations, interviews and tracking. Tool kits are separated into
two groups – those tracking individuals and those tracking communities. Examples range from
tracking individual blood pressure and blood sugar to the quality of one’s housing and
environmental exposure (Mulcahy, 2017).
The third major decision point in SDoH frameworks is how to aggregate the determinants
and measures together to a single value. For approaches that chose to aggregate into a single
measure, the key question is how to weigh each determinant (McGovern, 2014). The relative
contribution of each determinant depends on many factors, such as available research to the
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population targeted, health outcome, intergenerational and life-course events, and the availability
of data (McGovern, 2014). McGovern (2014) reviews three studies that have quantified the
relative effect of types of determinants. They estimate the proportion of a health due to social
factors (defined by anything outside of healthcare and genetic) between 60-80%. I will discuss
each paper in turn. McGuiness et al estimated that 60% of premature death was attributable to
social factors. Another study attributed 70% of the cause of death (in 1977) to social factors.
Finally, she notes that the CHRR, as previously mentioned, attributed 80% of a county’s health
ranking to non-clinical factors. Unfortunately, most studies McGovern found did not compute
total attribution across all causes. Most focused on the attribution percentage of a specific factor,
like the environment or genetic endowment and thus were not valuable in comparing
proportions.
SDOH Interventions Research
With this background on how SDOH are measured, I will turn next to how they can be
changed through interventions. Whitehead (2007) gives a typology of SDOH interventions of
four types: (1) strengthening individuals, such as an educational campaign about healthy
behaviors, (2) strengthening communities, such as by improving social capital in a location, (3)
improving conditions, such as by removing harmful exposures either in homes or workplaces,
and (4) macro policies, such as unemployment benefits and food stamps (Whitehead, 2007).
Categorizing interventions is worthwhile because each type rests on different assumptions of
specific mechanisms, or pathways, through which the intervention will lead to improved health
(Whitehead, 2007). Whitehead gives a generic logic model for SDoH interventions (Figure 5).
Figure 5. Whitehead’s SDoH Intervention Basic Logic Model (Whitehead, 2007)
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Building off this typology, there are several general and systematic review articles of
SDOH interventions. My review, again, is only a subset of the literature. The first article reviews
the success of SDoH interventions in the United Kingdom in 2009 and was commissioned by the
government when they wanted to improve health disparities (Bambra et al., 2010). The article
aimed to be an ‘umbrella review,’ which is a summary of systematic reviews, and grouped
identified systematic reviews into eight topical areas: housing and community, work
environment, transport, access to services, unemployment and welfare, agricultural policies,
water and sanitation, and education. Of these eight categories, housing had the most and
strongest evidence in support of an effect on health. Other areas had mixed results, especially,
culture competency training to improve healthcare access. Of the three studies on cultural
competency training, none had a clear positive result. Other areas had few to no studies, such as
water and sanitation (one review) and zero for educational interventions that matched the
inclusion criteria (Bambra et al., 2010).
Another overarching review was done by Lauren Taylor and colleagues in 2016, which
focused on interventions in the United States (Taylor et al., 2016). They found 39 articles
published between 2004 and 2014 which met their inclusion criteria as a SDoH intervention
project, of which 82% (32) reported a significant positive effect, defined as either improved
health outcomes (20), reduced healthcare costs (5) or both (7). The breakdown by studies finding
positive results were: ten (31%) were related to housing support, seven (22%) to nutritional
support, four (13%) to income support, eight (25%) to care coordination and community
outreach programs, and three (9%) to other types of interventions. Notably, no transportation or
safety interventions were found. The seven remaining studies found mixed, nonsignificant and
negative health effects.
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Taylor and colleagues note that the direction and magnitude of findings were robust
across different study designs with high percentage of positive results in most topical areas,
especially income support, care coordination and housing support. Of note, they write that
“findings from this work…. suggest that keeping a population healthy may require medical
providers to link with unconventional partners such as housing authorities, food banks, and
schools” (p.16) (Taylor et al., 2016). Moreover, they note gaps in the research, notably
uncertainty around accompanying decreases in healthcare expenditures, and a lack of studies
around transportation services, public safety, education.
While these articles provide a general overview of SDOH interventions, I will dive
deeper into the three SDOH types most relevant for LISC’s work: education, income and
employment. Zajacova et al (2018) reviewed the literature on education and health (Zajacova &
Lawrence, 2018). They identify three theories for how education effects health; fundamental
cause theory, which says education effects nearly all material and nonmaterial resources of
individuals so it is a ‘fundamental cause’, human capital approach where education is an
investment that yields returns, and the signaling approach, where educational attainment, or
credential, is a sign and status of ability (Zajacova & Lawrence, 2018). They state that nearly all
types of health outcomes have been correlated with education, noting that hundreds of studies
have documented a health gradient in terms of education. A specific example is that educational
attainment has a causal impact on self-reported health outcomes (Zajacova & Lawrence, 2018).
Khuller et al (2018) reviewed studies which examined the relationship between income
and health and noted three types of factors; clinical, behavioral, and environmental (Khullar &
Chokshi, 2018). They wrote that studies have found higher rates of behavioral risk factors, like
smoking and obesity, in low-income populations. Specific pathways for this relationship include
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low-income neighborhoods and communities having less access to fresh food, higher density of
fast-food restaurants, and less access to physical activity. While they note that isolating the
effects of income is difficult because it relates to many other factors, they state income has been
shown to have an independent effect on morbidity and mortality even after controlling for other
socio-economic variables (Khullar & Chokshi, 2018).
Finally, Antonisse et al (2018) discussed the literature on employment and health
(Antonisse & Garfield, 2018). There overall conclusion was that there was limited evidence of
the effect of employment on health. Results have been mixed between positive effects on
employment and health and no effect. Within the positive results, studies have found that
employment improves mental health, especially by reducing depression, anxiety and low selfesteem (Antonisse & Garfield, 2018).
Measuring Impact of Interventions
With this theoretical support, there are several examples of practical calculators that
attempt to translate this research into a simple-to-use tool to estimate impact based on changes in
SDOH. Examples include the Low Income Investment Fund’s (LIIF) Social Impact calculator
(LIIF, 2015), Build Healthy Places Network’s (BHPN) return on investment calculator (GurinSands et al., 2019), an injury burden calculator (Bhalla & Harrison, 2016), RIZE Massachusetts’
calculator of recovery coaches(London et al., 2018), and Nemour’s childhood obesity
intervention return on investment calculator (Borner et al., 2016). The RIZE and Nemours
calculator looks at the return of investment on a very narrow intervention (recovery coaches for
those with addiction and childhood obesity interventions, respectively) and will not be analyzed
in detail.
The LIIF calculator purports to be the first-of-its-kind tool that monetizes the return of
projects which improve affordable housing, education, and community health clinics. The
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methodology utilizes academic research studies to estimate and translate collected output proxies
into monetized impact, though noting that this process is not a rigorous evaluation. For example,
the user can enter the increase in high school graduation rates for a project which improves
education. To translate this data into money, the calculator references a study which found a
$200,000 net gain to society per person that graduates high school rather than drops out (LIIF,
2015). Thus, the calculator adds $200,000 to the impact for each additional person who
graduated high school. There are similar calculations for each intervention type, which are
summed to get a single social impact value of an intervention. The calculator is available online
and the methodological details are available in an accompanying document (LIIF, 2015).
BHPN’s calculator uses a similar methodology as LIIF. The user enters in a project
output data point, such as increases in supportive or affordable housing, units of transportationoriented development, increase in individuals walking, and patients served by, and funds
invested in community clinics. The user also selects information about the term and length of the
investment to discount future value. Then the calculator, currently in the form of an Excel
spreadsheet, finds the return of the project that accrues to local health systems, through reduced
usage and readmissions, individuals, and society at large.
Finally, Bhalla and Harrison (2015) created an injury burden calculator using data from
the Global Burden of Disease (GBD) Study (Bhalla & Harrison, 2016). Bhalla and Harrison
adapted the GBD methodology for injury burden, and uses their disability weights for both fatal
and non-fatal injuries. Users enter population counts, disaggregated by age and sex, and the
incidence of fatal and non-fatal injuries, disaggregated by age, sex and external cause to get an
output in terms of disease burden.
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Translating SDOH Research into Policy
How has this research and knowledge been translated into policy? Though many
frameworks exist which purport to help translate health research into practice,(Grimshaw et al.,
2012; Strifler et al., 2018) several articles have noted obstacles specifically in translating SDoH
research into practice (Baker et al., 2018; Embrett & Randall, 2014; Exworthy, 2008; Knight et
al., 2016; Koh et al., 2010). First, Knight et al (2016) examined whether the field of public health
fully support SDoH approaches. Using a text analysis of professional communication (proxied
by a popular newsletter), the authors concluded that healthcare is overly emphasized as a
determinant of health. They note that SDoH are mentioned commonly, but more so in terms of
the cause, rather than the solution, to poor health (Knight et al., 2016). SDOH policy cannot be
created if SDOH are not framed as solutions to our problems.
Wider problems in the translation process have also been noted. Baker et al (2018), a
systematic review looking at factors enabling and hindering SDoH policy, defines the nature of
SDoH policy as ‘wicked’ because they do not fit neatly into existing government structures and
do not align with preference for simple policy solutions (Baker et al., 2018). They conclude that
the obstacles to such policies are the framing in political discourse, role of institutions, social
norms, lack of mobilization of civil society, absent strong leadership in SDoH policy, and the
election of non-social democratic governments. Within the larger socio-political concept, the
authors point specifically to the emphasis on individualism, preference for economic efficiency
over equity, medicalization of health policy, and “pervasive racism” as obstacles (p.108) (Baker
et al., 2018).
These obstacles generally align with other studies. A smaller systematic review of seven
studies in 2014 identified five obstacles to why SDoH do not receive policy attention: multiple
causation between social conditions and health outcomes, lack of technical feasibility of policy
27

solutions, delayed impact of policies over the life course, biomedical dominance, and difficulty
finding adequate data. Koh et al (2010), an article proposing methods for translating SDoH into
policy, argues that capacity building within communities is also needed in addition to stronger
political and public support (Koh et al., 2010). Exworthy (2008) notes several previously
mentioned obstacles (multiple causes, life-course delay, required collaboration, data issues, and
dominance of other priorities), while also adding decentralization as adding layers of
government, and unclear cause-effect relationships as reasons for the lack of policy translation
(Exworthy, 2008).
Several potential solutions are offered to overcome these issues. Koh et al (2010) propose
using a specific translation model (RE-AIM) and discuss two case studies as positive examples.
Facilitators of translation are framing the issue as inequities, sharing lessons from the field to
build capacity and to undertake intersectoral approaches (Koh et al., 2010). Baker et al (2018)
recommend greater advocacy with policymakers, aligning solutions better to current institutions,
and framing arguments in the ideology of those in power (Baker et al., 2018). In contrast,
Embrett and Randal oppose the idea of framing arguments in terms of equity since the term is
normative and implies a moral judgement, possibly necessitating blame (Embrett & Randall,
2014). There remains no clear consensus on the problems and solutions to translate SDOH into
policy.
Literature Review Conclusion
Though the idea of SDOH causing health outcomes is fully supported in research, there
are gaps in the literature on how this relationship is quantified. There are many methods and
databases to measure SDOH, such as the County Health Rankings and Roadmap (CHRR), but no
consensus on measurement. Across the four types of SDOH interventions, systematic research on
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the effectiveness of interventions has generally been positive and significant. There is limited
used in SDOH in policy due to several inherent difficulties in the translation process.
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Methods
I used two methods to answer how LISC can measure and communicate the health impact
of their community investment projects. First, I developed a quantitative approach to estimate the
health impact across three different health outcome measures. The second approach was
qualitative, where I conducted one-on-one, semi-structured interviews to identify key features to
facilitate implementation and adoption at LISC of a tool that translated the quantitative approach.
Quantitative Method
Figure 6. Quantitative Approach Overview

Figure 6 provides an overview of my quantitative methods. The first step is LISC’s
internal data which measures their impact. LISC has an internal research team that evaluates
their projects (Greenberg, 2016). The goal of this team is to provide the rest of the organization
with the “best available evidence to inform strategy and policy recommendations” (p.1)
(Greenberg et al., 2019). One of their major data sources is their Financial Opportunity Centers
(FOCs), which offer career and financial coaching services for those with low to moderate
income, and have 80 locations throughout the country (LISC, 2016). The intake form of a FOC
contains detailed questions about the client’s socio-economic status, including household
income, educational attainment, and employment status (LISC, 2019). According to protocol,
this form is updated each time there is a significant change in the client’s life, such as a change in
job or monthly income (Carolina Rendon, personal communication 2019). Thus, the data can
show the change in people’s lives brought on by a project, i.e. their status before and after
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LISC’s intervention. The data is aggregated across the country and can be analyzed collectively
or by location (Carolina Rendon, personal communication 2019). The income, educational
attainment, employment status, and living arrangement data from this intake form are the starting
point for my analysis.
The second part of my quantitative analysis is matching LISC’s FOC data with questions
from the Behavioral Risk Factor Surveillance System survey (BRFSS). Overseen by the CDC,
the BRFSS is an annual, national survey designed to collect data on health-related risk behaviors,
chronic health conditions, and use of preventive services from the noninstitutionalized adult
population (≥ 18 years) residing in the United States (CDC, 2018b). The survey consists of three
modules; the core component, which is administered nationally, optional modules which can be
selected by each state, and state-specific questions. The core module, which covers every state,
includes questions on each responders’ employment status, educational attainment,
homeownership, and income as well as the self-reported status of 11 major chronic health
conditions: heart attack, other cardiovascular disease, stroke, asthma, skin cancer, other cancer,
major lung disease, arthritis, depression, kidney disease and diabetes.
I categorized the BRFSS questions for the relevant SDOH factors. Employment has three
categories; unemployed, employed, and other, which includes, students, homemakers, and
retired. Educational attainment had four categories: no high school diploma, high school
graduate, some college education, and finally college degree and above. There are five income
categories based on estimated household income: less than $15,000, $15,000-$25,000, $25,000$50,000, $50,000-$75,000, and more than $75,000. These categories were matched with
aggregated data on the FOC intake form.
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ARR Calculation
Once the data are matched, the next step is to calculate the attributable risk reduction
(ARR), which is the difference in the risk of a health outcome for the population exposed (PrE)
to a treatment versus those not exposed, the control group (PrC) (Sedgwick, 2001). An ARR is
interpreted as the amount of risk that is ‘attributable’ to the exposure, which in my project is a
change in employment, income, or education. A visual is provided below to explain how I am
conceptualizing the health impact.
Figure 7. Conceptualizing Health Impact from SDOH

The formula is ARR = PrE – PrC (Sedgwick, 2001). In my analysis, I interpret the
control group (PrC) as the population that a person was in when they first visited a FOC, for
example they were unemployed or had only a high school diploma. The exposed group (PrE) is
the population they progress into because of LISC’s work, such as employed, or high school
diploma. I interpret the difference in disease rates between the before and after populations as the
ARR for the intervention and thus, the health impact. A key assumption is that a person has
equal disease risk as the prevalence rate in their social population and that when a person
switches group, their risk of disease will change to the new group. Thus, when LISC moves
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people from an unhealthier to a healthier population, the difference in disease rates is their health
impact. (A further discussion of my assumptions is at the end of this section.)
Taking the simple difference between disease rates across the populations is not optimal,
however. There are relevant demographic features, such as age and sex, that are likely not
consistent by categories and thus need to be controlled. Therefore, I run a logistic regression to
calculate the ARR and control for other relevant demographic features. I used a logistic
regression because it is the preferred approach for a binary outcome variable [disease status is
positive or negative] (McDonald, 2014).
I ran a separate regression for each pair disease and SDOH type, for a total of 40
regression (10† diseases x 3 categories). The formula for each disease and SDOH is:
ln

𝐷𝑖𝑠𝑒𝑎𝑠𝑒 𝑆𝑡𝑎𝑡𝑢𝑠 = 1
= 𝛽 + 𝛽 𝑆𝐷𝑜𝐻 + 𝛽 𝑆𝑒𝑥 + 𝛽 𝑅𝑎𝑐𝑒 + 𝛽 𝐴𝑔𝑒 + 𝛽 𝑆𝑡𝑎𝑡𝑒
1 − (𝐷𝑖𝑠𝑒𝑎𝑠𝑒 𝑆𝑡𝑎𝑡𝑢𝑠 = 1)

Where for each individual i, DiseaseStatus = 1 if the individual self-reports as having the disease
and 0 otherwise, 𝛽 is the intercept, SDoH is the categories of the social determinant (see details
below), Sex is 1 for male and 2 for female, Race is a factor variable for five categories of race or
ethnicity which is created within the BRFSS (white, African American, Asian, Hispanic, or
other), Age is a linear variable for the age of the individual between 18-80 (everyone over 80 is
collapsed to 80), and State is the state location of the individual.
The SDoH values depends on which SDOH variable is used. For employment, SDoH is
coded as 1 if employed, 0 if unemployed and 2 for other to include homemakers, students, retired
and unable. This last category was removed from the analysis because it is not relevant for

†

Skin cancer was removed because lower socio-economic status has been shown to have a protective effect
(Doherty et al., 2010).
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interpretation. For education, SDoH take the value of 1 to 4 for each increasing level of
education. For income, SDoH takes the value of 1 to 5 in order of increasing income category.
To calculate the ARR from the regression outcome, I followed the steps outlined in
Austin (2010). Typically, results of logistic regressions are stated in terms of odd or risk ratios
(Austin, 2010). However, these calculations can lead to different results depending on the
prevalence of the outcome. Thus, Austin (2010) recommends comparing the mean probability of
the outcome if the whole population was treated to the mean outcome probability if the whole
population was untreated. The difference between these mean probabilities is the ARR (Austin,
2010). For example, I calculated the mean probability of having asthma if the entire population
was employed and compared with the mean probability if the entire population was unemployed.
The ARR is the difference of these values. For state-specific ARRs, I used the mean probability
of individuals only in that location.
Austin (2010) also suggests using bootstrapping to confidence intervals from logistic
regressions. Bootstrapping is a method of random draws from a designated population with
replacement (Austin, 2010). I used 2000 bootstraps to find a 95% confidence interval (CI) of
each SDOH measure as Austin suggests (Austin, 2010). I then subtracted the lowest range of the
untreated with the highest range of the treated to find the maximum of the interval and vice versa
for the lowest amount. For example, if the 95% CI of employed was (.15, .10) and for
unemployed was (.25,.20), then the 95% CI for the employment ARR was (.15, .05) [ .15 = .25 .10; .05 = .20 -.15].
Observations with missing values were removed. To allow for sensitivity analysis, I used
BRFSS core module data for the last five years available, 2014-2018. Data were included from
all 50 states and the District of Columbia (CDC, 2014, 2015a, 2016, 2017, 2018a). Guam and
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Puerto Rico were excluded. Each dataset began with approximately 450,000 responses. The final
analyzed sets were 336,594 for 2014, 309,492 for 2015, 347,308 for 2016, 319,274 for 2017 and
308,171 for 2018. All analysis was done in R Studio version 3.6 and the data exported into
Microsoft Excel via a CSV file for the final tool. As the BRFSS recommends, the survey
package was used to properly weigh and stratify the data for analysis (CDC, 2019; Lumley,
2004). However, the survey package was not used for the educational attainment analysis
because it was part of the weighing system (Pierannunzi et al., 2012). A normal logistic
regression was used instead.
Disease Cases Prevented
Once the ARR is calculated, the next step is to multiply it by the number of beneficiaries
(i.e. number of people served by the project), which is calculated from LISC’s FOC data. I
interpret this value as the number of cases prevented for each disease, which is the first estimate
of health impact. Each disease has an associated estimated number of cases prevented.
Disability Adjusted Life Years Prevented
A limitation of the number of cases of disease prevented is that they cannot be aggregated
because each disease has a different severity and harm associated with it. For example, a heart
attack is usually more debilitating than asthma. To find a single aggregate number, the final step
is translating the number of cases into disability adjusted life years (DALYs), which can be
aggregated across diseases (Dicker et al., 2018).
DALYs is a measure used within the Global Burden of Disease Study (GBD) (Dicker et
al., 2018). The GBD has two measures for the burden of diseases; years of life lost and years
lived with disability. Years of life lost are measured when someone dies younger than the
standard life expectancy. It is measured by the difference in the average age at death of a disease
and the age-adjusted life expectancy in that population. Years lived with disability estimates the
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annual burden of living with a disease until death, through using disability weights, which
attempt to measure “the magnitude of health loss” (p.712) (Dicker et al., 2018). Weights are
values between 0 (no burden) to 1 (equating to death) and are estimated for over 1500 specific
sequela, based on prevalence and severity by age-sex-year-location cohorts using advanced
statistical methods (Salomon et al., 2015). Thus, for a given disability weight of .2, then each
year living with that disease contributes .8 years towards a health-adjusted life expectancy and
creates .2 DALYs.
The process of developing these weights is worth describing in detail. In the first
iterations of the GBD, these disability weights were based on the opinions of health expert
panels, who chose weights based on their knowledge and expertise (Murray & Lopez, 2017). For
GBD 2010 and subsequent iterations, the disability weight method was updated to use public
opinion collected through wide-ranging, global surveys (Salomon et al., 2015). Using over
60,000 responses, authors calculated disability weights by asking paired comparison questions
about which hypothetical physical state was healthier (Salomon et al., 2015). They asked about
183 different health states, used probit regression models, and fit results into the 0 to 1 range.
The most recent iteration of the GBD, published in 2018, used weights which available
through the Institute of Health Metrics’ open data website (Dicker et al., 2018). ‡ Most health
conditions have multiple disability weights by severity, usually categorized as asymptomatic,
mild, moderate and severe. GBD analysts calculate the prevalence, as well as the severity
proportion, of each disease for their DALY estimates, which are made based on an age-sex-yearlocation cohort (Dicker et al., 2018). This estimation procedure uses a diverse array of data
sources, including BRFSS for the US, as well as multiple other national surveys from the CDC,

‡

http://ghdx.healthdata.org/record/ihme-data/gbd-2017-disability-weights
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inpatient hospital data at the state level, and an aggregate insurance claims database (Mokdad et
al., 2018).
Since time and data limitations at LISC prevent analysis at the level of age-sex-location
cohort, I estimated the disability weight for each disease in the BRFSS as summarized in Table
2. Information on the severity distribution of diseases is available in supplementary material for
the US burden (Mokdad et al., 2018). A specific severity distribution was given for some
diseases. For these, I calculated the final disability weight of the disease accordingly as the
proportional sum of the component weights. For conditions without any stated severity
distribution, the lowest, positive weight was used for the entire disease distribution. For example,
depression had three severity categories, mild, moderate and serve, and did not include the
distribution. Thus, the disability weight for mild depression was used.
Table 2. BRFSS Questions and GBD Disability Weights

BRFSS Condition
Arthritis
Asthma
Depression
Diabetes
Heart Attack
Kidney Disease
Lung Diseases
Other Cancer
Coronary Heart
Disease

Disability Weights
Severe, moderate, mild
osteoarthritis and rheumatoid
arthritis
Asymptomatic, controlled,
partially controlled,
uncontrolled
Without symptoms, mild,
moderate, severe
Uncomplicated, vision loss,
blindness, neuropathy, kidney
failure
Acute myocardial infarction
first 2 days, day 3 to 28
Several versions of stage 3 to 5
chronic kidney disease
included
Asymptomatic, mild,
moderate, severe
106 different weights
Asymptomatic, mild,
moderate, severe
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Severity Distribution Used
Osteoarthritis – 74% mild, 24% moderate,
1% severe
Severity distribution in supplement – 36%
asymptomatic, 20% controlled, 21%
partially controlled, 23% uncontrolled
Severity distribution in supplement – 13%
without symptoms, 59% mild, 17%
moderate, 10% severe
Severity not included – chose
uncomplicated diabetes mellitus type 1 and
2*
Combined first 2-day DW with day 3 to 28
DW
Severity estimated for population strata –
chose CKD Stage 3 with mild anemia*
Severity estimated for population strata –
chose proportion from graph of general
estimate
Chose controlled phase of most cancer*
Severity not found – used mild DW*

Table 2 (continued)
BRFSS Condition
Skin Cancer

Disability Weight
Severity Distribution Used
Diagnosis, controlled,
Ignored because protective effect
treatment, terminal
Stroke
Five severity levels of acute
Severity estimated for population strata –
and chronic ischemic stroke
chose level 1 severity*
*Severity distributions were not explicitly stated. Lowest value greater than 0 of weight options was
chosen

The final value needed to calculate DALYs is the expected years lived with the disease. I
assume that each disease is chronic, but not fatal, so that each individual who contracts the
disease would still live to the average life expectancy. I estimate the number of years that
individuals will live by taking the life expectancy, according to the GBD, in the area analyzed
and subtracting the average age of the beneficiaries. For example, if the life expectancy is 80
years, and average age of beneficiaries is 35, then I calculate 45 years would be lived with the
disease. Other calculations of DALYs perform a similar estimation (WHO, 2019).
By multiplying the number of cases, the disability weight and the expected years lived for
each disease, I estimate the number of DALYs for each disease. I sum across every disease to get
the estimated number of DALYs prevented and thus a cumulative health impact.
Methods Assumptions
There are five major assumptions in my approach. First, I assume that the people served
would not have received the beneficial ‘treatment’ without LISC’s project. In other words, the
counterfactual status of each individual who received the intervention is their initial status. For
example, if LISC’s project created a job, it is assumed that the candidate in that position would
have been unemployed, but for LISC, so that the counterfactual state is unemployment (what
would have occurred if LISC did not intervene). Second, the change in social status is assumed
to be permanent, and thus can be aggregated over the average life expectancy. The rationale for
this assumption is that though a single individual may not stay at the job, the job will still be
filled by someone and thus will have a permanent effect on the community. The third assumption
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is that LISC had the impact stated. Clients may report false numbers to the FOC or there could
be data entry issues that make the FOC data incorrect. I assume the input data is correct.
The fourth assumption is that the difference in disease rates is due solely to the one
SDOH measured. By changing one social condition, I assume that all the health benefits of the
other group will accrue to a beneficiary. I am aware that this is a tenuous assumption, but I
support it for two reasons. First, the SDOH chosen, employment, housing, income and education,
are ‘fundamental causes’ as explained by Link and Phelan (Link & Phelan, 1995). They effect
multiple health outcomes through multiple pathways, including interacting with each other, and
cannot be reduced to a simple mechanism. Thus, it is likely that intervening on these conditions
will change multiple pathways that relate to health. Changes to these factors can make an
appreciable difference across nearly all aspects of one’s life.
Second, I am using empirical rates from the BRFSS which show that there are differences
in health outcomes. There is no physical or biological explanation that supports the difference in
disease rates by social groups. In a proof by contradiction, the effect must be related to social
factors since there is no other solution for the disparities. If one of these variables can change
these social factors, by being a ‘fundamental cause,’ then it may have such an effect.
The final notable assumption is that the disability weights are uniform across social
groups, such as employed or unemployed. The published weights in the GBD study use age-sexlocation cohorts (Dicker et al., 2018). As the social groups likely differ by age, sex, and location,
the weights are not correct. The GBD currently does not produce weights by social condition,
though this is a future option (Personal Communication, Ali Mokdad, 2019). However, I argue
that these weights are a better estimation than the GBD studies before 2010 which relied solely
on health expert panels for weights (Murray & Lopez, 2017). My disability weights have not
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been adjusted for age-sex-location cohorts, but they are based on global surveys rather than
expert opinion. I use the best available evidence for the disability weight of each disease. My
results are also conservative as much as possible, by using the smallest disability weight for
those missing severity distributions, and by ignoring effects of chronic conditions on life
expectancy. A detailed diagram of these results is in figure 8 below.
Figure 8. Methods Detail Diagram

Qualitative
The overarching research question for my qualitative method was: How can LISC utilize
the data from my quantitative approach? To answer that question, I met with 13 key informants
(KI) for qualitative, in-depth, semi-structured interviews between November and December 2019
from LISC to better understand how they use health data now and their reactions to drafts of the
quantitative results. KIs were chosen using purposeful sampling with input from the LISC health
team, especially the VP of Health Initiatives, and the National Director of Social Determinants of
Health. The sampling strategy was based on role at LISC, experience with health partnerships
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and public health data, and likelihood to use the calculator in the future. We wanted KIs that
were involved with health partnerships in the past to speak to their experiences, as well as KIs
that might be involved with health partnerships in the future to speak to what resources they
would want to have. Their role at LISC was relevant because we wanted KIs from all major
departments at LISC, including city program officers, communications, Development, Lending
(to external parties), and housing, to ensure breadth across the organization.
Interviews were conducted individually, in-person at the LISC national office in New
York City for most of the New York-based staff, and through Zoom video conference for staff
outside of New York. Interviews lasted an average of 48 minutes. Interview questions were
developed with input from the Health Team. Harvard Internal Review Board approval was
sought, and their decision was that this research is quality improvement and thus no IRB
approval was necessary. Interviews were audio recorded. I also interviewed the LISC Health
team who helped me choose sampling and questions. Finally, I based questions on slide decks
LISC previously used to communicate their health impact.
I performed deductive and inductive thematic analysis on the transcribed interviews. My
philosophical approach is contextualism, specifically, I assume that the data has realist properties
in terms of accuracy and validity, while the normative interpretation of the data is socially
constructed (Braun & Clarke, 2006). My deductive theme categories were current state of
operations with health projects and data, opinions on the draft tool, anticipated future state of
health data and projects, and current facilitators and barriers to this future state. During my
analysis, I created sub-themes within each category and applied latent analysis of content as
applicable (Rivas, 2018).
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Results
I will discuss the results from the quantitative method then the qualitative. To elicit
sufficient information from the interviews, a first draft of a tool in the form of an excel
spreadsheet that calculates health impact for an inputted project was created to discuss how the
quantitative results could be implemented at LISC. A second draft of the tool, with changes to
both the quantitative approach and its presentation, was subsequently developed after the
interviews and comments on the quantitative method and will be explained in the following
chapter.
Quantitative
My analysis starts with two sets of descriptive statistics which were used to check my
quantitative method. First, I looked at nominal disease rates in the social groups used in the
analysis, without controlling for any demographic features, to determine if there was a disease
gradient in the populations studied. Figure 9 shows the unadjusted disease rates for the
population groups separated by employment, income and education categories for 2018. Similar
trends are seen in the other years, which are available in the Appendix A.
Along the x-axis in the three graphs, the categories begin on the low end and
progressively improve moving to the right. As the graph shows, the rates of diseases generally
decrease towards the right, as expected. For employed and unemployed populations in 2018, all
diseases had a higher prevalence rate in the unemployed population, with depression being the
most prevalent in the unemployed population at nearly 28%, compared to about 15% in the
employed. For education categories, arthritis was the most prevalent disease in those without a
high school degree at 30%. The rate of arthritis of those with a high school diploma and those
with some college was about 28%. For those with a college degree, the rate of arthritis was 20%.
A notable outlier in the education graph, is that rates increase between those with a ‘high school
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diploma’ and ‘some college’ attainment, counter to expectations. This issue is discussed in detail
later in the section. For income categories, arthritis was the most prevalent disease across groups,
with a peak at 35% in the lowest income category and decreasing steadily to a rate of 20% in the
highest income category. These graphs show that there are differences in disease rates across
groups, which is generally consistent with expectations that lower status groups have higher
disease rates.
Figure 9. Disease Rates By SDOH Categories 2018

43

The next step in my descriptive statistics was to compare the demographics within each
social group categorized by income, employment and education. Table 3 shows the proportion
by sex, race, ethnicity and age group within each social group for 2018, which is similar for the
other years analyzed (2014-2017). There are large differences between groups. For educational
categories, groups with lower rates of education have higher rates of males, people of color, and
older age groups. Similar patterns exist for education and income categories. From these results I
conclude that controlling for demographic features in my analysis is necessary because there are
significant differences by observed categories.
Table 3. Demographics by Social Group
No HS
Diploma

HS
Graduate

Some
College

College
Graduate

Employed

Unemployed*

<$15K

$1525K

$2550K

$5075K

>$75K

Male

11.7

28.0

30.1

30.2

68.2

4.0

7.0

13.0

22.5

16.4

41.1

Female

9.7

24.7

33.5

32.1

55.5

4.4

10.3

16.9

23.5

15.0

34.3

White

6.6

26.3

33.1

34.0

60.7

3.3

5.9

11.9

21.7

17.2

43.4

Black

11.5

29.7

34.8

23.9

60.5

7.1

14.8

22.4

26.4

13.9

22.5

Asian

3.8

15.1

21.9

59.3

67.2

4.1

7.4

9.4

18.1

12.4

52.7

Hispanic

31.2

27.6

25.5

15.6

66.2

6.0

16.6

24.8

27.4

11.5

19.8

Other Race

12.0

27.5

36.6

23.9

60.6

5.6

13.3

18.1

24.0

15.3

29.3

18-24

8.6

37.7

39.0

14.6

58.8

5.7

14.1

21.9

27.3

13.1

23.5

25-34

9.5

24.0

31.8

34.7

79.7

5.3

7.8

15.6

25.6

17.6

33.4

35-44

11.5

21.3

30.0

37.2

81.4

4.7

6.5

12.6

18.3

15.1

47.5

45-54

11.3

24.9

29.7

34.2

77.9

4.7

7.4

11.2

17.7

14.8

49.0

55-64

10.3

27.5

32.3

29.9

60.2

4.7

9.6

13.2

19.8

15.9

41.5

>65

11.7

28.1

31.6

28.6

17.9

1.3

9.3

18.1

30.0

16.3

26.3

Everyday Smoker
Occasional
Smoker

19.6

36.3

33.4

10.8

59.0

7.6

15.1

22.9

27.2

15.2

19.6

14.5

32.7

35.5

17.3

62.8

7.0

14.8

20.1

25.4

13.8

25.8

Former Smoker

10.2

28.8

34.5

26.4

55.5

3.3

6.7

14.2

24.0

16.8

38.3

Never Smoker

8.9

22.9

30.0

38.1

65.0

3.7

7.9

13.4

21.5

15.5

41.7

*Note the ‘other’ category of employment which includes retired, homemakers and students is left out.

Attributable Risk Reduction (ARR) Results
With evidence of disease inequity and large demographic differences between groups, I
ran my quantitative method as stated. I will begin by discussing my calculated attributable risk
reduction (ARR), which was estimated by logistic regressions. I calculated 20,800 ARRs. There
were 30 separate regressions (10 diseases x 3 social determinants). A unique ARR was found for
each step between categories of the determinant for a total of 8:, one from employment
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(unemployed versus employed), three from education, (no high school to high school graduate;
high school graduate to some college; some college to college graduate) and four from income
(less than $15,000 to $15,000 - $25,000; $15,000 - $25,000 to $25,000-$50,000; $25,000$50,000 to $50,000-$75,000; $50,000-$75,000 to more than $75,000)). Results are also spread
across five years 2014-2018. Finally, location was relevant to LISC so the ARR by location was
also calculated for all 50 states, DC and nationally. Multiplying these numbers together gets the
total (20,800 = 52 x 10 x 8 x 5).
Figure 10. All Results Box Plot

Figure 10 gives an overview of these ARRs through a box plot of each SDOH category:
Employment, Education and Income. The diamond shape represents the mean. Employment has
the highest mean and highest individual ARRs, indicated by the height of the red box and the
longest line above it. The single largest ARR is .186 for Depression in Oregon in 2016 for
employment, which means that if 1000 unemployed people were placed in jobs, I would estimate
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186 cases of depression were prevented. The boxplot for education is shown in green. Though
the mean and interquartile range are positive as expected, there are negative values as shown by
the bottom line extending past 0. These results are unexpected since they indicate that having
more education is harmful to one’s health and are explained in more detail below. Income also
has 52 negative ARRs out of 10,400, which are explained further below. Income has the lowest
mean value and interquartile range, which makes intuitive sense. Income had the most categories
(5) so that the change between each ARR would be less.
Figure 11. Boxplot of Education Categories

Figure 11 is a breakdown of the educational category into each specific intervention. The
three intervention steps are shown along the x-axis. The step from ‘no high school diploma’ to
‘high school diploma’ has the highest mean value and the widest variance, as seen by the size of
the boxplot, which indicates the interquartile range. The maximum education ARR is .156 for
Lung Diseases in West Virginia in 2014 from ‘no high school diploma’ to ‘high school
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graduate.’ The step from ‘some college’ to ‘college graduate’ also has strongly positive values.
The mean value is .034 and the maximum is .118 for this category. The step from ‘high school
graduate’ to ‘some college’ is ambiguous. Most values are very close to zero and 36% are
negative (936 out of 2600). The negative ARRs are for asthma, depression, and cancer in every
year, and kidney cancer in 2014, 2016, and 2017. My reasoning for this surprising result is
discussed in detail below.
Figure 12. US Map of Employment ARR for Depression in 2018

Figure 12 shows the ARR for depression by state in 2018. The color indicates the ARR,
with states in green having larger values and states in purple with lower. The lowest value is .095
in Hawaii, which makes intuitive sense for Hawaiian depression. New York, New Jersey and
California also have lower differences in rates of depression between the unemployed and the
employed. The highest value is .165 in Oregon, with other high rates in Washington, Utah and
Tennessee, indicating that the impact on depression of employment is larger.
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Figure 13. National Diabetes and Lung Diseases ARR by Income Category

Figure 13 is a further analysis of the income interventions, comparing the National ARRs
of diabetes in green and lung diseases in purple in 2018. The boxes in the right-hand plot show
the range of the values which are narrow due to the large size of the data set. Making sense of the
seemingly scattered rates, the top right corner are the ARRs for the step from less than $15,000
to less than $25,000. The second row shows the ARRs for $15-25,000 to less than $50,000,
which pushed further to the right, indicating a larger effect. The interpretation is that making
more than $25,000 has a larger effect on diabetes and lung diseases than making more than
$15,000. The next row is the difference between $25-50,000 to less than $75,000. These values
are much smaller, indicating a smaller difference in rates. Finally, the last step from less than
$75,000 to over, is larger than the previous step, indicating it is more impactful.
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Figure 14. National Arthritis ARR by Year

I also examined the sensitivity of results by comparing across different years. Figure 14
gives the example of national arthritis ARRs for unemployed to employed from 2014-2018. The
graph shows that the ARRs have remained relatively constant across years, with a maximum of
.096 in 2017 and a minimum of .071 in 2015. Most diseases remained this consistent across
years for employment. Education also saw consistency across years. For example, national lung
diseases ARR had a range of .090 to .104 for steps from no high school diploma to graduated
high school and .047 to .050 for some college to graduated college. Income also saw consistency.
An example is ‘Other CVD’ diseases which ranged from .012 to .022 in National ARR for the
step from less than $15,000 in household income to less than $25,000.
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Negative ARRs
I found negative values for 938 education ARRs and 52 income ARRs. These results
would suggest there is a protective effect of less income or less education which goes against
many of the studies and concepts previously mentioned on SDOH and health inequities. For the
income categories, the problem appears to be an example of the “healthy survivor bias” (Arrighi
& Hertz-Picciotto, 1994). Figure 15 shows evidence. The graph has cancer rates by age group
stratified by income category. Lower income categories have higher cancer rates in young
groups, but rates switch in older groups, where higher income categories have higher rates.
Figure 15. Cancer Rates by Age Group in Income Strata

For education interventions, I found negative ARRs for kidney disease, cancer, asthma
and depression only in the step from ‘high school diploma’ to ‘some college’ categories. This
finding is not completely an anomaly. Other studies have also found higher rates of disease in the
category of ‘some college’ than those with only a ‘high school diploma’ (Skalamera & Hummer,
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2016; Zajacova et al., 2012; Zajacova & Johnson-Lawrence, 2016). One such study even entitled
their article “Glitch in the Gradient” (Zajacova et al., 2012). I will offer an explanation for these
results in the next chapter.
Qualitative
I framed my qualitative thematic analysis as a change management process according to
Lewin’s three step model of change: (1) ‘unfreeze’ current, mainly stationary behavior, (2) move
it towards a desired state, and (3) ‘refreeze’ the behavior to a new normal (Burnes, 2004). A
diagram of this process is seen in figure 16. I analyzed the current state of what LISC does now
in terms using health data and assessing impact, received input about the draft tool, and finally
heard thoughts on a future state that would include LISC using a tool with my data in practice. I
also included facilitators that would help get to a future state and barriers which would prevent
change.
Figure 16. Themes and Relationships for Qualitative Analysis

Current State
In the current state of LISC, I identified health-related projects, how they typically
discuss and assess impact, their expertise with data and interpretations, their awareness of SDOH
ideas and concepts, and unmet needs or gaps they are experiencing. Many of their current health
projects are partnerships with large health systems or other healthcare entities, where LISC is
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usually seeking funding. An example is funding for a FOC by ProMedica, a hospital network in
Ohio. Other health work includes acting as a convener for community-based local service
providers to collaborate on health-focused projects. Interest in healthcare partnerships and
health-focused projects is growing across LISC and several interviewees mentioned health as one
of the CEO’s top priorities.
Many interviewees framed the health impact of LISC through a SDOH lens. One
interviewee said “LISC’s work over 40 years is about SDOH.” Health Team members and
program officers were aware and familiar with SDOH concepts, despite only one interviewee
having an educational background in public health (most others had backgrounds in urban
planning or community development). There was also consensus that most of their partners were
aware of SDOH and that there was increasing focus, and even momentum, behind addressing
SDOH within their field and amongst partners. There was further awareness of the importance of
SDOH to healthcare institutions: “If the writing is on the wall that we're moving toward a valuebased care system, then I think they [healthcare institutions] have to care.” Despite this in-house
knowledge, LISC staff use SDOH diagrams or images from other organizations when presenting.
Awareness of SDOH was not uniform across LISC, though. Staff from nonprogrammatic areas stated they had little knowledge of SDOH or only knew superficially what
the term implied with no knowledge of the underlying relationships and specific mechanisms.
There was further concern about ambiguity in terminology. Since nearly all community-based
organizations can say they address SDOH, there is an inability to prioritize SDOH projects or
delineate what is a SDOH-focused project.
Staff, in general, were very comfortable with data and use it widely to highlight their
work. Their goal, as one person stated, is to use data “to demonstrate the efficacy of our work.”
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All interviewees gave examples of how they use data and assessments to a variety of different
audiences. LISC staff routinely tailor data and messages to audiences because there are many
nuances in priorities. For example, healthcare providers can differ dramatically on what data they
care most about, according to a member of the health team: “some of them care about health
outcomes of different populations other than care about the bottom line and efficiency.” To
support the quantitative data, many staff said they use stories and case studies to highlight the
impact.
There is a large need for more data for communicating impact, especially around health.
Some illustrative quotes are: “I don't feel very well armed with data at all,” “I'm not telling a
health lens from my job placements. We're just talking about job placement,” and “I don't always
have what I need to show impact.” There is awareness that LISC often does not measure what
they value in terms of project outcome. In terms of measuring health impact, a barrier discussed
was that lack of collecting actual health data, such as body mass index or blood pressure.
Another barrier to better data was capacity of partner organizations, most of which are
small and often lack skills, technical systems or time to collect more data. One person stated, “I
think the bigger issue is going to be about their capacity to collect data and who will analyze it.”
Rather than collect more data, there is a preference for changing access to data, both in terms of
allowing more people at LISC to directly use data and to ease access to facilitate collection.
Moreover, others said that sometimes there is too much data and making sense of it is the vital
need.
Considering that a major challenge of the quantitative method was the correlational,
rather than causal relationship, I also examined comfort with data and this framing. Most said
that the correlational impact is well understood in the field of community development since so
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few impact assessments are causal: “industry is pretty comfortable with correlational work and
understands it.” There was also the opinion that the calculations are clearly not causal and there
was no concern over possible misinterpretations of the measures. However, another
recommended including clear statements of the proper framing to prevent misinterpretations.
Draft Tool
I sought opinions on a draft tool that would calculate the health impact of any given
project. A screenshot of the tool is seen in figure 17. Overall opinion was very positive except
for one person. Positive responses included: “This is great. I love the comparisons, I love the
DALYs. I think that's super helpful, great,” “I think this is an incredible tool,” and “…awesome
job. This is exciting. I hope to hear more.” People who responded positively also mentioned how
they could use this tool to showcase the health impact, which is currently missing. The one
overall negative response cast doubt on how useful such a generalized correlational relationship,
rather than causal, was and questioned the accuracy of using state-level data for the city that she
worked in.
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Figure 17. Draft of Calculator

A consistent critique of the tool was that the input data were too limited. Examples of this
opinion are: “I just feel it's incomplete based on what LISC currently captures to show the total
impact,” and “I wish we could capture more stuff than I think that’s currently in it.” Suggestions
for adding to the input data included improving access to healthy food, increasing transportation
and environmentally sustainable building projects. Another criticism of the input data is that it is
too blunt and does not account for nuances in their work. For example, “It's also hard to
generalize because our programs don't necessarily fit into those categories… we do financial
stability and work coaching and clinic coaching… but not everyone goes from unemployed to
employed.” A similar issue was mentioned here: “It's kind of the nuances of the work and we
don't fit neatly into the bucket, it might be hard to select one specific bucket, and have a specific
number of people.” However, the input data options that were included resonated. Many people
mentioned employment, income and education as SDOH they address. One said that she had the
data handy to input: “I think that the data we collect already, it is so easy for us to put that
information in.”

55

There were also suggestions for technical additions. A member of the health team
recommended using a different format than Excel, such as a clean web interface like Google
forms. The ability to calculate multiple interventions simultaneously and cumulatively was also
suggested, such as noting someone is unemployed and from a certain income category. There
was also a suggestion to standardize the language of communicating and framing results to assist
users of the tool.
The draft health impact metrics also received lots of comments. There was no agreement
on the best way to communicate the results between the three ways presented: cases of disease
prevented, DALYs, or a disease comparison. Many supported the cases of disease, such as “the
case prevented…I thought that that just makes more intuitive sense,” and “you could still report
back and say, ‘I prevented so many cases of asthma, depression, diabetes, and heart attacks,
which help me to know that by some way we are increasing life expectancy in those
neighborhoods’ …I feel like this is strong enough to tell that story [of health impact].” While
others like the DALYs or disease comparisons, “The one reason I like the DALYs a lot is … we
were trying to measure the quality of life,” and “I like the result comparison one because it's
completely eradicating-- I like both, the one and two. That to me is just a very compelling
narrative.”
Several suggestions were made on adding other outcome measure. The most popular one
was life expectancy as it appeared to be the most common health measure known. Others thought
that a health utilization metric, such as hospital visits, or costs, such as reduced healthcare
expenditures, would also be useful metrics. Some more abstract suggestions included quality of
life, community-level wellbeing, and community members relationship to governance and power
structure.
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Future State
With the draft tool as a starting point, interviewees also discussed a future state of how
they would want to utilize the data. All interviewees discussed the general communication
objective that the data could achieve; essentially, quantifying the health impact of LISC’s work.
There was also general agreement that the tool was not a perfect solution but could be used in
combination with other data to “tell a better story about LISC’s impact.” The practical goal of
using the data was to persuade funders to support a project, though the exact impact measure and
framing would depend on the audience.
I identified two strands of communication needs within this objective. The first was the
tool as a bridge between health-focused organizations, such as healthcare or philanthropic
organizations, and the general field of community development. LISC could now show how they
are “moving the needle,” especially on projects which they are framing as health focused.
Several interviewees stated how funders that support health projects want to see health returns
and this tool would allow them to do that. Thus, the tool could bring more resources to LISC that
are interested in health-specific projects.
The second need is for strategic goals. I identified four. First, health interested funders
could use the tool for priority setting and to “cut through the noise in the research field.” For
example, the tool would support comparisons across locations, which was identified as a key
need as LISC has recently turned to rural areas in addition to their traditional focus on urban
neighborhoods. Second, program design could be influenced by calculating potential outcomes.
LISC could drive conversations by framing what outcome is expected from a project. Third, the
tool could “advance the field,” positioning LISC as a thought-leader, which is an objective of the
internal research team. Fourth, measuring health helps unify LISC since many projects would
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fall into the category of health-improving with the tool. The idea of ‘one LISC’ was mentioned
by an interviewee as an initiative across the organization.
I also discussed potential audiences for communication. The most common audience was
funders and potential partners, such as government agencies, healthcare institutions, health
insurance companies, and philanthropic organizations (even those not directly interested in
health). The tool would specifically be useful for finance departments which usually require data.
A program officer gave this example: “Everyone's like, "We need the stories. We need the
qualitative analysis… Well, yes. That's great but as soon as we show that to you, you're like, "I'm
not going to fund that. Show me the numbers.” Data is seen as mandatory in these situations.
Another health program officer stated, “[in] the large health systems, CEOs and CFOs are not
making decisions based on anecdotes.”
Many other types of audiences were suggested in addition to the large healthcare
institutions. A repeated suggestion was to use the tool to communicate to community partners
and other community-based organizations, and also share the tool with them so they could use it.
Again, the capacity of some partners was noted as limited so the tool could support them in
communicating the impact of their work to obtain more resources, and hopefully, expand the
local field. Another suggestion was that individuals who are clients of LISC’s work, should be an
audience so that they know the health benefits they might personally accrue. They may not be
aware of how finding a job or increasing their income will improve their health and telling them
might provide another reason for engagement. Finally, the media was an audience that could be
used to publicize the health impact of LISC’s work.
Comments on the future state of the impact metric were also connected with the
discussion of intended audiences. Flexibility in measure was noted as important because most
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staff said they tailor data to the audience. For example, one stated, “You've got one, two, three,
four, five different ways, but I think there's other ways to express it too….That way it's their
choice which one, but it [the tool] does it all for them and they [LISC staff] can just pick.” A
future tool would benefit from even more options of measures. As mentioned previously, life
expectancy and some form of financial return were suggested as additions. Narrowing the data
by geography would also improve the credibility of results.
Proper framing and support of the impact metrics were also suggested as additions. There
was concern over the current framing of the disease comparisons because people react differently
to health conditions that they have a personal or family experience with. LISC should not claim
to have ‘cured cancer,’ for example. People wanted to also have stories or examples of the
relationship that connects each social factor to health. Others asked for more support on how
explain and communicate DALYs because they were unfamiliar with the concept.
The last feature of a future state that I discussed was the set of users of the tool.
Considering that LISC wants to be a thought-leader in the field and wants to build capacity in
local partners, there was support from the research team to share the tool with others. Sharing
with partners was also supported by other staff. A member of health team said, “I love the idea of
people being able to plug in the things that they're doing, and it cranks out this outcome. It makes
them feel like they can make a direct correlation.” Other organizations might find it useful. A
program officer commented, “I think sharing it more broadly would likely be the way to go with
this just because this might be a tool that prompts other people to look at things differently as
well.” The tool could build capacity in community-based partners.
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Facilitators and Barriers
With this future state in mind, I identified barriers and facilitators that are relevant for
moving forward. There are five barriers. The first involves the data. As mentioned, several
interviewees stated that the current input measures are incomplete and do not capture all of
LISC’s health impact. LISC strives for comprehensive community impact - job, income and
education gains are only a piece of that. Moreover, the tool does not capture any communitywide metrics, such as safety or general well-being. The lack of comprehensiveness is a barrier.
The second barrier is effect size. A health team member discussed how some projects are
small and may only have small numbers to input into the calculator, such as less than 50. A
minuscule health impact might do more harm than good in communicating. Her concern was that
the funder would look at the health impact and not be impressed, given the cost, especially for
housing projects which are expensive.
On the opposite side of a small effect, the third barrier identified was possibly overstating the health impact and being too bold with findings. Regarding the disease comparisons,
several interviewees stated that including terms like ‘eradicating’ or ‘eliminating’ a disease was
too bold. For example, “That is bold... How do you say that and have them [healthcare
representatives] take you seriously, even if it's true? That's just a really strong statement.”
Another interviewee was concerned people would wonder why there are still public health
problems considering all the community development projects around the country: “Equating it
like that [a disease comparison] is a great way to express the magnitude but I'm just worried that
if that's the case, why do we still have so many public health problems?”
The fourth barrier is the validity of the relationship itself. Since the calculation is not
based on research, some wondered if the correlation was valid. An example is “Maybe the
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correlation is okay, but I feel like it would need some sort of… supporting evidence explaining
why it's not just, ‘Oh, that's funny. It so happens that if you're employed, you're less likely to
have diabetes.’” Another was unsure how to make the decrease in disease burden relatable:
“Anytime you talk about a health condition, it's a personal condition right, and so trying to relate
it to if 10,000 people find jobs, it means that we eliminate thyroid cancer, it just seems like it
doesn't-- I can't conceptualize what that means, right?” Moreover, another felt that the validity
could be challenged by competitors because that happened before in the field for the LIIF
Calculator (LIIF, 2015).
The final barrier is the complexity of the measures and the required knowledge to explain
them. While some understood DALYs once they were explained, there were concerns most
audiences would find them too complex or require significant teaching to understand. For
example, one said, “I got to say, this is tough. This is a bit convoluted in the sense of like, I don't
know. You'd have to go through quite a bit of explanation to get to this.” Several people did not
understand the disease comparison of DALYs because it included different diseases than those
listed. For example, “Sometimes, they don't even see the link. What does the fact that you build
houses or remove blight have to do with us?” There was also a concern about needing to
communicate these results on their own: “I think this would be a language that they would speak,
but I don't think I would be able to speak it yet based on this.” The complexity of the
relationships between social factors and health, and the complexity of the metric units of
DALYs, are barriers.
I also identified five facilitators that assist LISC in moving to a future state of
implementing the quantitative results. First, there is a real need for quantifying and
communicating the health impact of their projects. Several interviewees immediately saw how
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they could use the tool to their benefit: “I think that this is awesome...Where we struggle with
communicating our health impact is around the data inputs you're looking at the top, such as
income or unemployed to employed.” As LISC moves into more health partnerships, several
interviewees noted that quantifiable data is needed to convince institutions. Some LISC staff
currently use stories and qualitative data to communicate health impact, but one noted that ‘Csuite’ level executives require quantifiable data. This tool would fill that need.
The second positive feature is the flexibility of measures. As pointed out above, there are
many different types of audience that would be interested in the results of the tool. Most LISC
staff currently tailor their presentations to audiences based on the most salient metrics. The cases
of disease, DALYs, and disease comparisons offer options for staff to use based on the audience.
The third facilitating feature is the ease of use of the tool. While the input data can be
blunt, it also can be easy to use once the data is collected. One program officer noted that “There
is so much of this that I could take and do like 10 different things to report on. I can easily toss in
there how we impacted from them…through some of the programs we've done…It's just really
simple things.” Another feature of the ease of use is that the data is accessible. People who were
not on the program side reported having to rely on program or data people. One commented that
her need was “…a comprehensive database or some sort of system that can be accessed by
everyone. Not have to go through the relevant program people to give us and the ability to slice
and dice to whatever we need.” Another factor with ease is that it does not require any additional
data collection. Several interviewees reported that many local partners lacked capacity to collect
proper data.
The fourth facilitator is the technical support for the results. Several interviewees noted
the technical features that added support to the results, such as controlling for demographic
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features, “decent” confidence intervals, and the common use of correlational rather than causal
estimates in the field. To this last point, someone stated “Everything is very correlational and not
concrete because we don't have the concrete.” Others stated how since health data was not
captured by LISC or partners, that “this is the best correlation that we can find to link.”
Further technical support was that the tool measures impact rather than outcome, which is
a key difference LISC makes. Outputs are the often-tangible result of a project, such as units of
housing built, square footage of new parks, etc. Impact is the effect of the outputs in the
community such as the number of people housed or change in wellbeing in the community from
a new park. Many interviewees stated how they wish to communicate impact rather than outputs,
since impact is what most funders want to know.
The final facilitator is how the tool aligns and is supported by other organizational
objectives. As mentioned above, the new research team at LISC aims to make LISC a thought
leader and to advance the field of community development. Being the first with a health impact
measure would achieve their goal. Second, LISC has an interest in expanding the capacity of its
partners without burdensome data collection. Many partners do not have the skills or capacity to
evaluate health impact. This tool would help LISC’s partners expand their capacity to quantify
health impact. Finally, this tool aligns with other key performance indicators that are being
developed at LISC to hone their message and to unite the organization behind metrics that all
offices affect. This tool adds health to that list of indicators that can unify the organization and
craft their message of impact moving forward.
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Discussion
For the first part of my discussion, I will explain the negative ARRs that I found for
education and income. My investigation method began by examining similarities and differences
in other variables between the groups. My initial assumption was that there was confounding in
the data, such that there was another causal or correlated variable to asthma, depression, and
cancer which was more prominent in the “some college” category than “high school” diploma. I
checked the following categories for differences in the “some college” category compared to
either “high school diploma” or “college graduate;” (1) Age, (2) Race, (3) Income, (4)
Employment, and (5) smoking. I did not find any noticeable differences among any of these
variables and ruled them out as possible explanations. See Appendix B for more information.
My explanation for cancer and kidney disease is, again, the healthy survivor bias (Arrighi
& Hertz-Picciotto, 1994) because rates move just as cancer did for income categories. In lower
age groups more education is associated with lower cancer rates but this trend reverses in older
groups. I contend the rates switch because mortality rates are higher in lower educational groups.
Research on mortality rates have shown such disparities that mortality rates significantly differ
by socio-economic status (Withrow et al., 2019).
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Figure 18. Asthma and Depression Rates by Age Group in Education Strata

My explanation for asthma and depression is different. There are a few pieces of relevant
evidence. First, rates of asthma and depression are highest in pre-65 age groups as seen in Figure
18. Second, the high school diploma category has less access to healthcare than some college,
with lower rates of insurance coverage and having a personal doctor and higher rates of being
prohibited from seeking medical treatment because of cost. Figure 19 shows rates of no health
insurance coverage by income category. Similar differences are seen in the other health care
access measures which are available in Appendix B. What is horrifying about these graphs is that
they imply health inequities across educational strata would be worse if access was equalized.
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Figure 19. No Health Insurance Coverage by Age in Educational Strata

Thus, my explanation is that the rates of depression and asthma are artificially low in the
high school diploma category because the 18-65 age groups seeks healthcare less, relative to the
same age groups in the ‘some college’ educational category. Other diseases do not see this
problem because they are more prevalent in elderly populations when care access is equalized.
Access rates differ across the educational spectrum, but it appears that ‘some college’ and high
school diploma’ are similar enough, as suggested by similar smoking rates, that differing rates of
access impacts their ARR. The issue, therefore, is not with ‘some college’ but with the
comparison group, ‘high school diploma,’ having artificially low rates because of less
healthcare-seeking ability in diseases which are most prevalent in the under 65 population.
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Impact Measures
Next, I will turn to the results of LISC’s health impact based on my calculator. The first
measure of health impact is cases of disease prevented, which is calculated by multiplying each
ARR by the number of people treated. The number of people treated were estimated using data
from LISC’s FOC data. In 2019, the LISC’s FOC network helped 5,700 people find jobs
according to internal calculations. I assume that all these people would be unemployed but for
LISC’s work. The correlated health impact of this gain in terms of cases of disease prevented at a
national level are (with 95% confidence interval): 474 (460, 488) cases of arthritis, 206 (203,
209) cases of asthma, 744 (737,751) cases of depression, 322 (315, 329) cases of diabetes, 130
(127,133) cases of heart attack, 135 (133, 136) cases of kidney disease, 331 (329, 334) cases of
lung disease, 151 (146,156) cases of cancer, 147 (144,150) cases of other cardiovascular
diseases, and 172 (170,174) cases of stroke. These cases of disease would have cumulatively
resulted in 13,863 (13,651, 14,074) DALYs. Since the GBD publishes the DALYs per disease
within the US on an annual basis, I compared these Comparing to the US disease burden in 2017,
this amount of DALYs is approximate to 66% of the disease burden of pneumoconiosis, 60% of
tuberculous or 25% of thyroid cancer.
I also calculated the health impact of FOC’s income gains. Using LISC internal data, I
estimated that 4,417 people moved from making less than $15,000 to less than $25,000; 1,421
moved from $15-25,000 to less than $50,000; 412 moved from $25-50,000 to less than $75,000;;
and 11 moved from $50-75,000 to more than $75,000. The health impact of these gains was
preventing: 273 (255, 291) cases of arthritis, 209 (205, 213) cases of asthma, 423 (413, 433)
cases of depression, 167 (157, 177) cases of diabetes, 100 (94, 106) cases of heart attack, 63 (60,
65) cases of kidney disease, 240 (234, 247) cases of lung diseases, 26 (20, 32) cases of cancer,
96 (91, 102) cases of cardiovascular disease, and 85 (81, 89) cases of stroke. I estimate that these
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cases of disease would have created 8,676 DALYs. Comparing again to disease burden data from
the GBD 2017, this disease burden is approximately twice the burden of whooping cough in the
US in 2017. Thus, LISC’s FOC income gains had a population health impact comparable to
eliminating whooping cough in the US in 2017. The prevented disease burden is also comparable
to decreasing the burden of testicular cancer by 35%, pneumoconiosis by 43%, or Hodgkin
Lymphoma by approximately 20%.
Table 4. LISC’s Total Health Impact

LISC Total Health Impact 2019
Health
Conditions

Total Cases
Prevented

Arthritis
Asthma
Depression
Diabetes
Heart Attack
Kidney Disease
Lung Diseases
Cancer
CVD
Stroke

747.74
415.76
1167.90
490.01
230.93
198.26
572.76
177.84
244.03
257.87

95% CI
(715, 780)
(409, 423)
(1151, 1185)
(473, 507)
(222, 240)
(194, 203)
(563, 582)
(167, 189)
(236, 253)
(252, 264)

The combined health impact of the employment and income gains of LISC’s FOC in
2019 is shown in Table 4. I estimate LISC’s total health impact in 2019 is correlated with
preventing 747 cases of arthritis, 415 cases of asthma, 1,167 cases of depression, 490 cases of
diabetes, 230 cases of heart attack, 198 cases of kidney disease, 572 cases of lung disease, 177
cases of cancer, 244 cases of cardiovascular disease, and 257 cases of stroke. I estimate that
these diseases would have created 22,539 DALYs but for LISC’s intervention. This number of
DALYs is comparable with eradicating tuberculous in the US in 2017. In other terms, it is
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comparable to decreasing the burden approximately 5% of HIV/AIDS, or 90% of testicular
cancer, or 50% of Hodgkin Lymphoma in the US in 2017.
There are two caveats to this result. First, my data inputs are not comprehensive for all of
LISC’s work and therefore I have underestimated their cumulative impact. I am actively working
with LISC to determine how to translate their other work, especially their affordable housing,
into a useable format to calculate health impact. Second, there are other activities within the FOC
that are not included in this result, for example, coaching to improve credit scores, and advice to
improve net worth. I am also continuing to work with LISC to identify how to translate this work
into health impact.
Recommendations
Next I will turn to my recommendations for how LISC can use my data results. If the
Lewin model of change is used as a guiding framework, then what should be ‘refreeze’ state of
LISC be in regard to the health impact results? Based on my quantitative and qualitative results, I
developed a calculator, currently in an Excel spreadsheet, that provides estimates the health
impact for a project that is inputted. I discuss five recommendations for how LISC can use it,
listed in table 5.
Table 5. List of Recommendations for LISC

1
2
3
4
5

Recommendations
Refine tool with partners and communities to make it a collaborative effort
Rollout tool to all LISC Staff and community partners
Combine Tool with other impact calculators to set industry standard
Continue to add data inputs and communication resources
Strive towards using a wellbeing measure as single outcome in the future

Calculator Tool
A screenshot of my updated calculator is seen in figure 20. The tool requires users to
select the year, location and average age of beneficiaries. Year and location should be easily
known. If average age is unknown, then LISC should identify a common estimate based on
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internal data. The user would then select the number of people who were assisted by the project
according to income, education and employment categories. According to interviews, some users
will know this data, or at least be able to estimate it themselves. For cases when the user cannot,
there should be a commonly used process to calculate the input data from core metrics.
Figure 20. Input Data of Final Results Tool

Following the inputs, the tool calculates the cases of each disease prevented for each type
of intervention – income, employment or education – using my quantitative results. The total
cases prevented for the project is in the second column from the left. The tool includes 95%
confidence intervals for further credibility in the estimates. The number of DALYs associated
with the diseases listed is below.
Below the DALYs is the disease comparisons, seen in figure 21. which compare the total
number of DALYs associated with the project to the burden of diseases within the US in 2017.
The suggested statements using the disease comparison are given:” "The project inputted had an
estimated health impact comparable to eliminating [Condition] within the United States in
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2017,” and “The project inputted had an estimated health impact comparable to decreasing
[condition] by [x] % in the US in 2017.”
Figure 21. Final Tool Results Comparisons

A key feature is the flexibility of result metrics – cases of disease prevented, DALYs
prevented and disease comparisons. They are important for two reasons. First, the intended
audiences are diverse with a range of different interests. Interviewees gave a long list of possible
audiences for the tool – mainly funders, but also government officials, media, and individual
clients. Each audience may have different priorities and salient metrics. For example,
philanthropic organizations might want to see overall improvement in health and more specific
funders might care about a certain disease. The tool allows for users to tailor the result to the
audience as much as possible, which aligns with how LISC staff use data now. Interviewees said
they choose data based on the audience. Second, the options allow staff to use what they are the
most comfortable with. In interviews, staff had different degrees of awareness and comfort with
SDOH concepts. People less familiar with SDOH might like to use cases of disease prevented
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while those with more knowledge might like DALYs or the disease comparisons. The flexibility
in measures allow both to use the tool.
1. Refine tool with partners and communities to make it a collaborative effort
My first recommendation is for LISC to engage current and potential partners in the
development and implementation of the tool. I heard an example of collaboration with partners
from a member of the LISC national team about the development the data that she uses regularly:
…[E]ven when we think about the genesis of our data, it’s pretty sophisticated. It's pretty
well built out, but it's something that we've been working on, really, is an iterative
process over the last 14 years, and heavily influenced by our workforce partners, heavily
influenced by the organizations who we feel like it'll impact them, it'll help them tell their
story. They've given us the feedback that's made us actually make a lot of shifts and
adjustments.
This quote provides the path that the calculator should follow. As there is growing
awareness in the health sector that community participation is a requirement, both morally and
scientifically, LISC should engage local partners and most importantly with the local
communities they are working in, to get buy-in, support and edits to the tool (Nixon, 2019).
Engaging stakeholders can increase the legitimacy, operational effectiveness and efficiency
(Moore & Fung, 2012).
Feedback is specifically needed around the impact measures. Most of the barriers
identified in the qualitative interviews were LISC staff’s perceptions of how the intended
audiences, namely healthcare organizations, would react to DALYs or the disease comparison.
But expectations are not enough evidence. LISC should use discuss the measures to see what
their actual reactions are. This feedback is even more important since healthcare organizations
are a new business path for LISC. Some interviewees had no experience with healthcare
partnerships or health-focused projects.
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2. Rollout tool to all LISC Staff and community partners
The second recommendation is for LISC to rollout the tool to all internal staff, for two
major reasons. First, staff want to use it. The tool fills their unmet need of describing health
impact. Nearly all interviewees stated that they do not use any health impact estimates currently,
and that some of their audiences want to see the health impact. The tool would fill this need and
allow LISC staff to include health impact as part of the story of their effect in their communities.
Moreover, interviewees in general liked it. All interviewees, except one, said something positive
about the tool and many thought it would be beneficial, even immediately.
The second reason is that LISC as an organization is moving towards more healthcare
partnerships, as Mr. Jones clearly stated in his article (Jones, 2017). Several interviewees stated
they recognized the growing importance of health to their work and the CEO’s new direction.
The need for health impact will only grow as LISC seeks more partnerships with large healthcare
organizations, which essentially require data for decision-making, especially resource
allocations. In seeking partnerships with healthcare organizations, several interviewees had said
that the high-level decision makers, the so-called ‘C-Suite,’ require data. Anecdotes and stories
are not enough to secure funding. LISC needs to be able to show quantified health impact to
convince these executives to partner with LISC.
However, LISC must be cautious in how they use the data and include information on
where it is applicable. The most appropriate use is to ‘bridge-the gap’ between their community
development projects and health outcomes and be used with other measures of impact to build
the story of their value. While LISC has output data on projects, like residential units built and
dollars invested, it was clear from the interviews that there is no estimate of health impact. An
illustrative quote from my interview with a program officer is: “I'm not telling a health lens from
my job placements. We're just talking about job placement.” She has data on the number of job
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placements but has no estimate of what that means in terms of health. My tool would be able to
let her bridge the gap into health impact.
Their problem is analogous to what Murray and Lopez stated earlier: “Too often, no
estimate of a problem is interpreted as an estimate of no problem” (p.1460) (Murray & Lopez,
2017). For LISC, no estimate of impact is potentially interpreted as no impact. But the research
is clear that education, income, and employment are determinants of health (Antonisse &
Garfield, 2018; Khullar & Chokshi, 2018; Zajacova & Lawrence, 2018). Thus, LISC should
claim the health impact they are producing, though the quantification process has caveats. When
referencing gains in one of these factors, excluding estimates of health impact might be
interpreted that no impact exists.
My results should not be used for strategic decision-making, mainly because it is too
incomplete. Several interviewees commented that input data options were limited and did not
cover the range of their work or the nuances. For example, “It's kind of the nuances of the work
and we don't fit neatly into the bucket, it might be hard to select one specific bucket, and have a
specific number of people.” Others mentioned how there are many steps involved in getting
someone into a job or helping them improve their education. These intermediate steps are not
captured in my results. Thus, LISC needs to cautious of using these results to prioritize projects,
compare proposals, or make other strategic decisions. For these decisions, my results can be used
as “part of the story of the project” (subject interview) but they are not comprehensive enough to
be definitive for strategic decisions.
Another reason to be cautious with data use is that the results are correlational. As the
literature suggested, there is no rigorous and generalizable study of the impact of income,
education, or employment interventions. I found studies which show support for these
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determinants as well as many frameworks which offer conceptual explanations for how these
factors relate to health. But a consensus, quantified estimate of the relationship between one of
these factors and health using rigorous experimental methods has never been done and is likely
to never to completed because of research ethics. Thus, I calculated a best-case correlational
estimate using cross-sectional data of empirical disease rates and social conditions. The results
are not causal and are not based on experimental methods. My data is not as robust as other
research studies and that must be considered.
3. Combine Tool with other impact calculators to set industry standard
My third major recommendation is for LISC to merge my tool with others and unite the
field behind a standard impact calculator. As discussed in the literature review, there are several
public tools available to estimate social impact, such as the LIIF calculator that was released in
2016, and BHPN’s in 2019. Both calculators give impact measures in terms of dollars and
money saved to different entities.
There are four reasons for LISC to combine tools. First, LISC positions itself as a
convener and a leader in the thought-leader in the field of community development. During an
interview, a program officer stated that LISC’s power of a convener to get organizations with
seemingly different interests to work together is one of the ways they create impact. I also heard
from LISC staff that being a thought-leader and sharing research and tools that help the field is
one of their organizational goals. Leading the combination of these tools serves both purposes.
LISC can act as the convener to bring different organizations together to build thought leadership
that advances the field.
The second reason to combine tools is that a single tool would add credibility and validity
to the measures. LISC is less likely to be challenged on health impact if others are using the
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same value. As an interviewee said, competitors have attached each other’s impact calculators in
the past. Offering the tool to others would decrease the likelihood of criticism from competitors.
The third reason is that the other calculators compliment mine and offer different input
data and impact measures. Of the critiques of the draft tool, two common ones were the limited
amount of input data and that impact measures were not in terms of dollars, which is important
for many funding decisions. A combined tool would allow more types of data to be inputted and
create impact metrics in terms of dollars and health returns, making the result more holistic and
comprehensive.
Finally, a combined tool would create more capacity in the field. LISC wants more
partnerships and funding from healthcare organizations. Being able to show both monetary and
health returns on project investments would be a big win, both for them and for their partners. A
combined tool would offer more evidence than my tool alone.
4. Continue to add data inputs and communication resources
The fourth recommendation for LISC is to add data to the tool and develop
accompanying resources for communication aids. In discussing the development of the GBD,
Murray and Lopez note the improvements that have been made and added since the first draft in
1993 (Murray & Lopez, 2017). LISC should again use their work as a model and work to build
upon my basis. A key addition will be more input data options. Many interviewees noted that
LISC does more than income, education or employment projects and that there are many nuances
in this work. Expanding the input options, especially around healthy food and green housing,
will allow LISC to better capture their true health impact. These additional inputs must be
achieved by using different datasets because the BRFSS does not adequately capture them (CDC,
2018b). But my approach can be used with other datasets. The key innovation is interpreting the
difference in disease rates between populations according to social factors as the health impact,
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so using BRFSS data is not required. Thus, data could be added from other studies or surveys
that measure the difference in disease rates between groups.
In the short-term, city-specific data from the BRFSS should be added for more
granularity. A program officer mentioned in an interview that state-level data might not be
accurate for the cities and neighborhoods she works in. Focusing only on cities, especially
because much of LISC’s work is in cities, would add more credibility to the data. Ideally, a
future state would have data at an even granular level since other interviewees mentioned large
disparities even within cities between certain neighborhoods. Furthermore, additions could be
made to translate the health impact result into dollars. If data were available on the healthcare
utilization rates of certain diseases, and the cost per utilization, then health expenditure saved
could be estimated from the cases of disease prevented.
Another needed addition is standard language around communication. The current draft
includes suggested phrasing for the disease comparisons: “The project inputted had an estimated
health impact comparable to eliminating [condition] in the US in 2017, “ or “The project inputted
had an estimated health impact comparable to decreasing [condition] by [x] % in the US in
2017.” The words “curing” and “eradicating” instead of “eliminating” were removed in the final
draft because of concerns of being ‘too bold.’
Standard language around ‘cases of disease prevented’ and ‘DALYs’ needs to be created
with input from the communication team and others for two reasons. First, some interviewees
explicitly asked for standard language about how to communicate the results. Many were
unfamiliar with DALYs and unsure how to explain them. One mentioned that she would not be
able to explain the DALYs to someone else. Secondly, there was concern that the statements
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might be misinterpreted if the language was not clear. Though LISC staff mainly had knowledge
and comfort with data, others may not understand it.
In addition to updated standardized language, more framing and support resources are
needed to help program officers effectively communicate the results, such as slide templates and
diagrams which explain the mechanisms which lead from a SDOH to a disease and the overall
methodology. Many interviewees needed help understanding the connection between some
factors and health. For example, one interviewee thought diabetes was mainly genetic. As soon
as I mentioned diets and food deserts, he accepted the connection.
The goal of these additional resources is to resolve the barriers of validity and complexity
identified in the interviews. The validity of the methods is questioned because quantifying health
impact is novel. Though people are aware of SDOH, they generally are not aware of how they
work. LISC needs a step-by-step communication approach to get people to follow the logic of
SDOH from social factor to individual health. Once the relationship is established, LISC also
needs to provide resources to explain the methodology. A logistic regression is too complex for
lay audiences, but a visual that explains the difference in disease rates might be useful.
5. Strive towards using a wellbeing measure as single outcome in the future
The final recommendation is for LISC to consider wellbeing as an impact measure in the
future. Several interviewees mentioned “wellbeing” or “wellness” as the holistic concept that
LISC is ultimately trying to improve, for example: “Everyone wants to know how we move the
needle of health, of wellbeing, of communities.” The field of epidemiology and public policy are
increasingly considering wellbeing as an option for evidence (Coles & Viswanath, 2019;
VanderWeele et al., 2020). LISC should consider the concept as a future goal as research
progresses about measuring wellbeing and translating it into policy-making because it better
encompasses all that LISC attempts to do for a community.
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Discussion Conclusion
The five recommendations above relate to a future state that LISC should create(Burnes,
2004). If the Lewin change model is again used, then there must be the ability to move from the
present to this future. I believe there are several features which point to the feasibility of moving
LISC to this future state. First is the need for a measure of health impact, by both people inside
and outside of LISC, that should motivate people to use the tool. Then there are two key features
within LISC that make adoption of the tool likely: data expertise and SDOH awareness. LISC
should be able to adopt the tool because they are an organization steeped in data and with lots of
exposure to it. Nearly all interviewees stated they use quantitative data on a regular basis or use it
to highlight the impact of LISC. There is also general knowledge of the difference between
causation and correlation, which is necessary because of the shortcomings of the quantitative
process. Thus, from a technical knowledge standpoint, there should be no obstacles in adopting
the tool.
LISC staff are also generally aware of the idea of SDOH. Nearly all staff had heard of
SDOH and knew that social factors are vital determinants of health status. Though detailed
knowledge was scarce, the general idea was there. Moreover, I heard that most partners are
aware of SDOH so that the overall concept is already socialized within the field. Thus, LISC can
leverage this knowledge and build on it through the tool and communication resources.
Even with these positive features, there was criticism. I identified five barriers to
implementation in my qualitative analysis: boldness of result, small effect size, complexity,
validity, and incompleteness of input data. There was also a general concern that the results were
too generalizable and not applicable to major cities with their own metropolitan surveys of
disease prevalence rates. However, I believe there are ways to overcome these barriers. The
flexibility in metrics allows users to select which one they are comfortable with, overcoming
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concerns over boldness and complexity. Adding standardized language and resources for framing
the communication will resolve concerns over the complexity and validity. Technical additions,
such as combining with other impact calculators and looking to expand the input data with new
research, will resolve concerns over the incompleteness of the data.
Murray and Lopez write that the GBD underwent changes in each of its iterations. Nearly
each iteration challenged the contemporary research field and methodologies (Murray & Lopez,
2017). They faced similar problems of missing data and concerns over validity and complexity
on a much larger scale. Since their official 1997 publication, the study has grown by narrowing
granularity, increasing rigor of analysis, and expanding scope of input data and collaborators.
Their data is now used around the world for major priority setting and funding decisions
involving billions of dollars (Murray & Lopez, 2017). Though my first version of a health impact
calculator for LISC is constrained, there is a bright future if LISC can start using the data now
and work to improve it over time.
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Conclusion
In his 2017 article about health impact, LISC CEO Maurice Jones essentially summarized
my doctoral project when he called for “designing a plan to assess the health outcomes of our
broad work in economic development, housing, safety and financial stability.”(Jones, 2017) My
overarching research question is nearly a rephrasing of this statement: How can LISC measure
and communicate their health impact through SDOH research? I answered this question using
two methods while working at LISC for the last eight months. First, I devised a novel approach
to quantify estimated health impact using a correlational analysis of a nationally representative
data set. Second, I interviewed LISC staff to identify how LISC should use this data. This work
led to a calculator tool in the form of an Excel spreadsheet which LISC, and conceivable their
partners, could use to estimate the health impact for a given project. I outlined five
recommendations for its implementation: (1) refine tool with partners, (2) rollout tool internally
and externally, (3) combine tool with others in the field to create a single standard, (4)continue to
refine methodology and communication resources overtime and (5) look towards wellbeing
measures to use as the single outcome of future projects.
I conclude with how I hoped to have contributed in three aspects: to LISC as an
organization, to public health research, and to my professional development. As a DrPH degree
intends to straddle both research and practice, I believe my project had a contributed to practice
by advancing LISC’s organizational goals and contributed to research in terms of my
quantitative methods and as an example of SDOH translation. I also hoped the project
contributed to my professional career by establishing myself in the field of SDOH policy.
Organizational Contribution
My contribution to LISC as an organization is twofold. First, my work allows LISC to
recognize and measure the health impact dimension of their projects and use it to better
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communicate their addition to public value. As an organization engaged in comprehensive
community development, LISC produces value and benefits to the public in many ways, such as
through renovating buildings, refurbishing green spaces, and improving health. As a nonprofit
organization, LISC cannot measure their success by profitability or market share. They evaluate
themselves by the amount of public value they produce.
Moore (2013) offers a method for recognizing and classifying the dimensions of public
value through a ‘public value account,’ which is like an accounting balance sheet. Rather than
‘assets,’ he names this positive side of the sheet “collectively valued social outcomes” with the
following dimensions: mission achievement, unintended positive consequences, client
satisfaction, and justice and fairness (Moore, 2013).
Under this framework, my contribution to LISC helps them make two necessary changes
to their accounting of their public value. The first is changes to their stated mission. LISC has
previously considered their stated mission as comprehensive community development, which
was evaluated through the outputs of their projects, such as units built, dollars invested, and jobs
created (Greenberg, 2016). Health was considered an unintended positive consequence of this
work. However, as Mr. Jones wrote, health is now a top priority for the organization and could
possibly become a part of their core mission (Jones, 2017). In terms of its public value
accounting, LISC is moving health from an unintended consequence to their mission
achievement.
The second transition involves LISC’s clients. LISC is just one of the many organizations
pursuing novel partnerships with healthcare organizations as potential funders for projects. These
new partners want to see health impact to make resource allocation decisions, according to my
interview subjects and my personal experience. Thus, LISC needs to quantify health impact to
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satisfy these new clients. By measuring health impact and socializing the data, LISC can
recognize the health impact they create and take credit for it to advance new partnerships.
The second contribution is to establish LISC as a thought leader in the field of
community development and health. Many organizations, in addition to LISC, want to form
partnerships with healthcare organizations to address SDOH (Koh et al., 2020). There will be
more and more need for a tool like mine to bridge the gap between healthcare and community
development impact to facilitate connection and mutual funding decisions (Koh et al., 2020).
Sharing this tool with others would establish LISC as leaders in the field of the intersection of
health and community development, a goal of the research team (Greenberg et al., 2019).
This leadership role could go even further if LISC worked to merge it with others, like
BHPN’s social impact calculator, to create a single standard for the field. LISC purports to add
value as a convener of different organizations. Acting as the convening to adopt a shared tool
across the field of community development is another leadership opportunity.
Research Contribution
While my contribution to LISC is clear because of their need to communicate health
impact, my contribution to public health research is more ambiguous because of the general
weakness in my methods. However, my research contribution is best seen as a translational case
study of SDOH research into practice.
The first conceivable impact in the field of public health is my quantitative method.
Though admittedly weak, my approach allowed health impact to be estimated from community
development projects for the first time in which I am aware. The assumptions necessary to reach
the impact measure, though, severely question its credibility. Specifically, the assumption that
improving a single social factor in someone’s life will be accompanied by a complete shift in
disease risk is the most tenuous. Because my data is cross sectional, I cannot show any causal
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connection between improving a social factor and actual health, which is why I emphasize my
estimates are correlational rather than causal.
Though the results are framed as correlational, the key question is still whether a change
in social factor can cause the impact which is estimated. If one believes in the cause, then they
will believe in the correlation. So, what does it really mean to ‘cause’ a disease? Susser (1987)
offers a standard research definition of a “cause” and the role it plays in epidemiology (Susser,
1991). He pragmatically defines it as, a “cause is something that makes a difference” (p. 637),
and discusses how ‘causes’ have been defined in other fields, notably by Galileo in physics, as
either necessary or sufficient to produce an effect (Susser, 1991). But causes, as understood and
studied in the field of epidemiology, often cannot meet these rigid requirements. Most often, a
cause in epidemiology is a ‘contributory cause’ in that it is neither sufficient, nor necessary to
create the effect, but when present, can work with other factors to produce an effect (Susser,
1991).
Susser gives three essential properties for a contributory cause. First, there must be
sufficient association or correlation between the cause and effect. Second, the time process is
logical in that the cause comes before the effect. Third is adequate evidence of the ‘direction’ of
effect, meaning that a change in the supposed has been shown to result in a change in the
outcome (Susser, 1991). Of these three features, my methods have the first and second property.
I found health inequalities in my data set, as shown by the differences in disease rates by SDOH
categories. Furthermore, there is immense research on health inequities, which show that disease
rates are correlated to social factors. I also have the property of time order because there is no
biological or physical reason why people in different social groups should be more susceptible to
diseases than others.
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The third property is more ambiguous. Ideally, the evidence of ‘direction’ would be
shown through a systematic review, or a rigorous experimental approach, such as a randomizedcontrol trial (K. Smith, 2013). As noted before, however, SDOH are not amenable to rigorous
evaluation strategies, because of basic research ethics prohibiting randomizing income or
employment, and since they work in multiple ways to multiple outcomes which is hard to control
in a study (Link & Phelan, 1995). How then can SDOH be proven as causes?
A solution could be looking at non-research-based conceptualizations of a ‘cause,’ such
as by British philosopher Katherine Smith (K. Smith, 2013). Smith, in her 2013 book, “Beyond
Evidence-Based Policy in Public Health,” argues that the field of public research should strive
for translating ideas into policy, rather than attempt reforms at “evidence-based policies because
using ideas retains use of normative, political and empirical dimensions of debate” (p. 213) (K.
Smith, 2013). In her sense of the word, ‘ideas’ can be defined as a causal belief (Béland & Cox,
2010). Thus, my project could be about translating the idea that social determinants cause a
measurable health impact into practice, rather than translating a specific evidence-based finding,
such as the results of a systematic review.
The idea of SDOH might be a more fruitful pathway of translation than specific evidence
since evidence on SDOH is incomplete and possibly always will be. Bradley and Taylor make
this point:
…we do not have the precise type of data to summarily demonstrate the health and cost
impacts of specific interventions to address social, environmental, and behavioral
determinants of health. Nonetheless, given the unequivocal evidence concerning the
social, environmental, and behavioral determinants of health, current actions which target
these determinants should be considered well founded (p. 190) (Bradley & Taylor, 2013).
If SDOH evidence is imperfect, but the idea is sound, then we should not be hindered from
action, which is the point that Geoffrey Rose makes in his Strategy of Preventative Medicine;
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“certainty is not a prerequisite for action” (p.145) (Rose et al., 2008). He argues that policymaking should be like clinical diagnoses, where the emphasis is on reasonable confidence and to
proceed using continual research and evaluation. The introduction also supports the view of
intervening on SDOH because of large potential return: “causal priority is not based on the
certainty of the causal attribution but on the efficiency with which the removal of the cause could
potentially reduce the incidence, or overall burden of disease” (p. 28) (Rose et al., 2008). Rose
gives an historical example to support this statement about how the early 20 th century work in
sanitation, housing and working conditions had a huge public health impact even though the
exact mechanisms of effects of bacteria and environmental exposure were unknown at the time.
In this framing of a cause as an idea, my project is an example of public health
translational research, specifically translating the idea that community development interventions
impact health through SDOH. I interviewed LISC staff and have been in ongoing discussions of
how to implement my calculator tool. My contribution is to examine how a community
development organization can utilize health impact data. Though my analysis focused on LISC,
there are many community development corporations (CDCs) and community development
financial institutions (CDFIs) which are comparable to LISC. Thus, my research could be used
across CDCs and CDFIs for implementing a measure of health impact.
Smith’s argument to focus on the idea is also supported by my qualitative result (K.
Smith, 2013). I identified ‘validity’ as a barrier to implementation. However, no one doubted that
SDOH have a health impact, the problem was the validity of my evidence through my data
sources and calculations. The idea was not challenged, only the evidence presented. I admit that
the evidence calculated through my quantitative approach is imperfect, specifically that there is
no rigorous causal support. There are many assumptions.
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Under Smith’s concept of an idea, though, the discussion of cause changes. If the idea
that SDOH affect health is sound, then the results should be compared with not having results,
rather than strict definitions of a cause, like Susser (Susser, 1991). My evidence comes up short
in this comparison. But, if instead the focus is on translating the idea, then the question on my
results is: are these better than no estimate? That is where my results have a comparative
advantage. Over the last thirty years and through numerous studies, the impact of social factors
has been identified. Yet, we do not have a practical way to measure impact. I used logistic
regressions on common self-reported health conditions using a nationally representative dataset
and found positive changes through gradients on all health conditions (besides the education
increase to ‘some college’). I used the best estimate of the relationship that I could. Comparing
between no estimate and my estimate, I would argue that mine is better than no measure.
Personal Contribution
Through my project, I have learned a lot about SDOH, enough to be very frustrated at the
lack of recognition in the wider world of social policy on health. I believe my calculator tool can
be used to draw more attention to this problem and can be used as part of the story to potential
funders, especially large healthcare organizations. My career goal is to continue to work in the
intersection of community development and healthcare. I believe recent efforts, notably the
HAN, are just initial efforts which will continue to grow. I want to work as a practitioner, rather
than a researcher, and translate the knowledge we have into workable policy and practice - my
doctoral project being one example.
A sobering fact, though, is that the importance of SDOH have been known since the
ancient Greeks and yet it is still not fully translated into our public policies today (Krieger,
2011). Major public health researchers, as early as 1976, have called for resource allocation
decisions and social policies to be evaluated based on their impact on health in the US (Fuchs,
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2011). David Kindig, one of the eventual founders of the Community Health Rankings and
Roadmap previously mentioned, outlined a vision for change for the US health system in 1997
that called for the broad use of a health quality metric to evaluate social policies, similar to
DALYs (Kindig, 1997). Suffice to say, none of these policies accomplished widespread change
or improvement in health outcomes in the US.
A clear obstacle for this translation is the evidence. But Smith talks about the selfimposed limitations that many researchers place on the evidence. She describes the influence of
evidence-based medicine on evidence-based policy in public health (K. Smith, 2013). Clear
evidence, as in systematic reviews or well-defined RCTs, are considered mandatory by many
health policy researchers, despite the fact that policy decisions and options often have ambiguous
evidence, situations and contexts – they are, in this sense, “wicked problems” (K. Smith, 2013).
The use of rigorous evidence is difficult if not impossible. Commenting on the state of SDOH
knowledge, Sandro Galea, Dean of the Boston University School of Public Health, describes it
this way: “[we] are caught in the middle of a spiral trajectory – we know enough to be certain
about the link between health and social conditions…but we do not yet have all the facts we need
in order to answer the next tier of questions about the nature of this influence” (p.95) (Galea,
2019). Research appears to have stalled.
Many academics might recommend more evidence-gathering research to get out of this
spiral. I disagree. Researchers need to make peace with not having perfect evidence for SDOH.
Questions for future research are: “What should and can we do with the research on SDOH as
causes that we have now?” And, “How can we best utilize this knowledge in public policy and
practice?” Translational and implementation research on SDOH into policy is needed, not more
evidence-gathering. An interviewee encapsulated my perspective well when she said, “I don't
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want to go to another fricking conference where they tell me all this drastic data [about health
inequity], but we don't talk about how we're really changing it.”
SDOH is an idea whose translation into policy is long overdue. I want to make more
efforts, like this doctoral project, to advance the field. I believe that will create the most impact
and ultimate success in expanding public health. The best definition of public health success to
me is: “Public health success is as much about imagination as evidence: challenging what is
accepted as the so called normal, or business as usual.”(Lang & Rayner, 2012) I want to
challenge imaginations. I believe the ‘idea’ of SDOH will do that. The result of my doctoral
project is not a final product but only the beginning of an organizational change for LISC, an
example of translation for public health and the start of my career in the field of SDOH policy. I
want to ensure we always have estimates of the truly big problems.
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Appendix
Appendix A: Disease Rates by Social Group Across Years
Figure A1. Disease Rate by Income Categories

Figure A2. Disease Rate by Education Categories

96

Figure A3. Disease Rate by Employment Status

Appendix B: Education Negative ARR Explanation
Results Problem
The problem in my results is that the ARR for asthma, depression, cancer and kidney disease in
the step from “high school diploma” and “some college” were negative, which suggests that
attaining some college education makes one more likely to have cancer, asthma, or depression.
Steps between other categories (no high school diploma to high school diploma and some college
to college graduate) were positive, meaning more education is attributable to a decrease in
disease rates, as expected.
Investigation Method
My first step was to look at the unadjusted rates of each disease by educational category. Table 1
below shows the results. Unadjusted rates of asthma, cancer, and depression are higher in the
“some college” category than in the high school diploma category.
Table B1. Unadjusted Rates of Asthma, Depression, Cancer, and Kidney Disease by Educational Category

No High School
High School Diploma
Some College
College Graduate

Asthma
12.6
9.7
10.2
8.3

Depression
9.7
9.7
10.0
9.7

Cancer
23.2
18.9
21.3
16.5

Kidney
Disease
5.9
4.1
3.9
3.0

Thus, I needed to explain why rates of these three diseases would be higher in the “some
college” category than in the “high school diploma” category. My investigation method began by
examining similarities and differences in other variables between the “some college” and high
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school diploma group. My initial assumption was that there was confounding in the data, such
that there was another causal or correlated variable to asthma, depression, and cancer which was
more prominent in the “some college” category than “high school” diploma. To examine this
possibility, I stratified data from all years (2014-2018) by educational attainment and compared
populations by tables or graphs looking for differences. I then looked at access to healthcare and
the concentration of diseases across educational strata to identify differences.
Explanations Invalidated
I checked the following categories for differences in the “some college” category compared to
either “high school diploma” or “college graduate;” (1) Age, (2) Race, (3) Income, (4)
Employment, and (5) smoking. I did not find any noticeable differences among any of these
variables. Graphs and tables below show my work.
Figure B1.1 Disease Rates by Age

Figure B1.1 shows the disease rates by age. Importantly, asthma and depression have higher
rates in the under-65 population. Depression is highest in younger categories, decreases, and then
increases again until the 55-64 age group before decreasing continually. Asthma rates are
consistently around 10% in the under-65 population and then tapers off in the over 65. Cancer
rates increase with age.
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I then checked the disease rates by age within each educational stratum. See Figure B1.2. The
graph shows that depression and asthma rates in ‘some college’ consistently remain higher than
‘high school diploma’ category over nearly all age groups, but especially within under 65 groups.
This suggests that age is not a cause of the problem since rates are higher in some college in
every age group.
The situation for cancer looks different. Rates of cancer in all four educational strata increase
similarly over the lifespan. In younger age groups, rates of cancer are as expected with an inverse
relationship to education; those with less education have higher rates. However, in the oldest
groups, the relationship is reversed; those with higher education have higher rates of cancer. I
believe this is an indication of the healthy survival benefit – people with higher education are
more likely to survive cancer than those with lower education and thus the rates of cancer are
higher. Literature supports differences in mortality rates by educational level (Withrow et al.,
2019).
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Figure B1.2 Disease Rates by Age in Educational Strata

I then checked the racial mix of each age group by educational strata. Figure B2 shows the
results. I interpret the graph as matching to expectations: there is a higher white proportion in
higher educational attainment and lower rates of people of color (black and Hispanic) in higher
educational strata. No major difference is apparent between some college and high school
diploma that would explain the difference in disease rates.
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Figure B2. Race Proportion by Age Group in Educational Strata

My next check was income. Figure B3 shows the income proportion by age category in each
educational stratum. Again, nothing is unusual. Higher educational attainment is associated with
an increase in income in all age groups as expected. Income per age group in the ‘some college’
stratum is higher than the high school diploma stratum as well.
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Figure B3. Income by Age in Educational Strata

The next check was employment. Figure B4 shows the unemployment rate in age group by
educational strata. There is less unemployment in the higher educational categories. Those with
some college appear to have about 5% less unemployment than those with only a high school
diploma in younger age groups, and the rate converges around 60 years old. The difference is
expected and does not appear large enough to account for the differences in disease rates.
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Figure B4. Employment by Age Group in Educational Strata

Finally, I looked at smoking rates, both in terms of current smoking and if ever a smoker by
educational strata. Table B2 shows the rates of current smoking in each educational category.
The rates decline with educational category, which is expected. There is the expected decline in
smoking between those with a high school diploma and those with some college, however, the
difference is much less than between ‘no high school diploma’ to ‘high school diploma’ and
‘some college’ to ‘college degree’ categories. This suggests that the ‘high school diploma’ and
‘some college’ groups are more similar in terms of smoking to each other than with either ‘no
high school’ or ‘college graduate.’
Table B2. Current Smoking Rates by Educational Category
Educational Category Smoking Rate
No High School
28%
High School Diploma
21%
Some College
17%
College Graduate
7%
Key Differences
Although I did not find any unusual differences across the variables above, notable differences
emerged in healthcare access and the concentration of diseases in individuals between ‘some
college’ and ‘high school diploma,’ specifically across healthcare access and disease
concentration.
Beginning with healthcare access, I examined three relevant variables: health insurance
coverage, cost prohibiting seeking medical care, and having a personal doctor. Each will be
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discussed in turn. Figure B5 shows the rate of uninsured by age group within educational strata.
The uninsured rate for those with a high school diploma is about 10% less in young age groups
and converges in older age groups. This difference is consistent across the educational gradient
which is as expected; more education, more health insurance coverage, and less uninsured.
Figure B5. No Health Insurance Coverage by Age Group in Educational Strata

I next examined those who stated they had an incident where the cost of medical prohibited them
from seeing a doctor in the past 12 months. Figure B6 shows that people with a high school
diploma were more likely to report not seeing a doctor because of cost more often than those
with ‘some college’ in every age group, especially in young age groups. The rates converge in
older groups.
Figure B6. Cost Prohibiting Seeking Medical Care

104

B
Finally, I also looked at those reporting having a personal doctor by educational strata. Figure B8
shows the rate of not having someone who you refer to as your personal doctor or healthcare
provider. The gradient is consistent across educational strata with more education being
correlated with higher probability of having a personal doctor. Note that the difference in some
college to high school diploma is largest in in young categories and converges in older groups.
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Figure B7. Rate of No Personal Doctor by Age in Educational Strata

My next step was to identify the concentration of disease in each age group, which I measure by
calculating how many diseases of the 10 analyzed, each individual had. Figure B8 shows the
results for 0, 1, 2, and 3 or more diseases by age group within each educational strata.
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Figure B8. Disease Concentration by Age Group in Educational Strata

The ‘0 Disease’ graph shows essentially healthy people. It decreases over age group as expected,
meaning older people have more diseases than younger. What is noticeable is that for age groups
between 18-50, the ‘some college’ category decreases faster than the high school diploma
category, which is inconsistent with the education gradient. The other educational categories
change consistently with the expected gradient.
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Moreover, in the ‘1 Disease’ graph, the ‘some college’ category increases faster in the 18-65 age
groups than the ‘high school diploma’ group. A possible hypothesis from this graph is that more
people are diagnosed in the ‘some college’ category with diseases as compared to the ‘high
school diploma’ category. However, another hypothesis could also be that people in the ‘high
school diploma’ group have more diseases per person, which would mean that there should be a
larger increase in people with multiple diseases in the ‘high school diploma’ category compared
to ‘some college.’
The next two graphs disprove the latter hypothesis. The ‘2 Disease’ graph also has a noticeable
difference in ‘some college’ versus ‘high school diploma’ categories, with a faster increase in the
‘some college’ category. Again, ‘some college’ is growing faster in diagnosed diseases than the
‘high school diploma’ category. Finally, the group with 3 or more diseases does not show any
major difference in rates increase. Thus, it does not appear that the difference in diseases in the 1
or 2 graph is not offset by larger increases in the 3+ graph. Figure B9 highlights these differences
in a yellow circle for clarity.
Figure B9. Notable Differences in Disease Concentration by Age in Educational Strata
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Explanation for Negative ARRs
I interpret from these graphs two explanations for the negative results for cancer, asthma, and
depression. For cancer, I argue that the negative results are due to a form of the healthy survivor
effect (Arrighi & Hertz-Picciotto, 1994). In my data, more people survive cancer with higher
education which confounds the analysis. Evidence for this argument is that the cancer rates by
age reverse from young to old age groups, with higher rates of cancer in higher educational
levels in the oldest age groups.
For asthma and depression, my argument is nuanced. There are a few pieces of evidence. First,
rates of asthma and depression are highest in pre-65 age groups. Second, the high school diploma
category has less access to healthcare than some college, with lower rates of insurance coverage
and having a personal doctor and higher rates of being prohibited from seeking medical
treatment because of cost. Finally, smoking rates between some college and high school diploma
are similar.
Thus, my explanation is that the rates of depression and asthma are artificially low in the high
school diploma category because the 18-65 age groups seeks healthcare less, relative to the same
age groups in the “some college” educational category. The issue, therefore, is not with ‘some
college’ but with the comparison group, ‘high school diploma,’ having artificially low rates
because of less healthcare-seeking ability.
This problem is specific to asthma and depression rather than other diseases because asthma and
depression are most prevalent in younger age groups. After 65, access to healthcare essentially
equalizes due to Medicare so that all educational strata seek care at similar rates. For diseases
which are vastly more prevalent in elderly populations, such as stroke and cardiovascular
disease, the difference in the elderly population shows a positive relationship even if younger age
groups differ in health seeking behavior. The difference in older groups is more notable because
healthcare utilization is equal. But asthma and depression are not prevalent enough in elderly
population to create a positive effect.
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