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ABSTRACT

COVID-19 vaccine access inequity was a major challenge during the pandemic. This inequity
was present between countries and regions and within cities. We developed a novel approach
to measure and improve vaccine access equity to address this issue. Our approach first cre-
ated a vaccination attainment index based on CDC COVID-19 data. We then selected the most
relevant spatial, e. g., the density of medical facilities, and socioeconomic factors, to train an
XGBoost model on the county level of the United States. Using this model on census tracts
within counties, we used the Gini and Theil indices to measure equity. We identified the main
drivers of vaccine access based on SHAP values. With the main drivers identified (percentage
of American Indian and Alaska native population, health insurance coverage, and transporta-
tion options), we conducted a case study on Cambridge, MA. We improved the short-term
access equity by adjusting each census tract’s density of medical facilities (from Gini 0.14 to
0.13). Our novel approach provides decision-makers with a tool to identify and address drivers
of vaccine access equity in their region and predict vaccination attainment on the tract level.
These insights are crucial to ensuring equal access to vaccines and other essential healthcare
services for everyone.
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1 Introduction

Despite private companies’ expansion into new areas, public direction is still necessary for certain
fields. For instance, privatized healthcare, schools, and social security have all been linked to increased
inequality (Basu et al., 2012). Access to health care is one of the cardinal issues of our era (United Nations,
2022). Despite the advancements in the health field, most of the world’s population suffers from inade-

guate access to primary medical care (World Bank & World Health Organization, 2017).

1.1 Motivation

As we observed recently, when the COVID-19 pandemic struck in 2020, those issues of inequality
became even more pressing. For instance, we noted that different geographical regions showed a tremen-
dous difference in how they were affected by the pandemic (Brown, 2021). While some countries had
sufficient resources to combat the crisis and care for their people, others, e. g. Nigeria, lacked even essen-
tial medical supplies like fever thermometers (Ugochukwu et al., 2020). Surprisingly, we noticed severe
disparities between regions or even districts within individual countries, even within the United States
(Dukhovnov & Barbieri, 2021). A closer look revealed that these discrepancies were mainly between dif-
ferent socioeconomic groups (Dukhovnov & Barbieri, 2021). The socioeconomic factors distinguishing
these groups were related to income, race, education, and occupation (Kilinc et al., 2018; J. T. Chen &

Krieger, 2021).

Regardless of background, race, and social class, all humans have the right to medical welfare,
declared by the United Nations in 1948 (1948). Vaccines have proven to be one of the essential pillars in
providing medical welfare (Killeen, 2007), as we have seen, from eradicating smallpox to mitigating the
consequences of a COVID-19 infection (Lazarus et al., 2022; National Institute of Allergy and Infectious
Diseases, 2019). Therefore, vaccines and their distribution are of the utmost importance for making this

right a reality. Even though many countries are developed, the COVID-19 pandemic proved most were



unprepared to deal with such an unprecedented event (Organisation for Economic Co-operation and De-
velopment, 2020; Richter, 2021). Risk management stipulates that prevention is better than firefighting

an acute crisis (Greenberger, 2018). However, there was insufficient preparation from these counties.

The United States is no exception (Wilensky, 2021). In the United States, an established network
of vaccination sites exists to provide children of all ages with the required vaccines following recom-
mended immunization plans (Centers for Disease Control and Prevention, 2021). Due to a lack of prepara-
tion of policymakers, this network and its infrastructure were used but proved inefficient (O’Donnell &
Erman, 2021; Simmons-Duffin & Huang, 2021) and ineffective concerning the entire population’s welfare

and also concerning equity considerations (Bardosh et al., 2022; Rydland et al., 2022).

This outcome is unsurprising since the existing infrastructure was built to serve continuous de-
mand. It was not meant to serve a larger number of people within a short time frame, while the supply of
vaccines could not even be guaranteed. Consequently, immunization coverage was low, and targets were

constantly behind plans.

This experience emphasizes the need to prepare for the next pandemic-like event. While current
supply-chain network distribution models have proven to improve immunization coverage under the same
budgets, they neglected the aspects of equity (Goentzel et al., 2022). Therefore, our objective is to incor-
porate equity and establish a plan to mitigate the effects when the next pandemic hits. Equity in healthcare
can be defined as the absence of avoidable or remediable differences between groups of people, whether
these groups are socially, economically, demographically, or geographically defined (World Health Organ-

ization, 2022).



1.2 Problem Statement and Research Question

Considering socioeconomic factors like race, age, ethnicity, education, income, and many more,
we developed an equity indicator for vaccine distribution networks to attain maximum equitable immun-
ization coverage. Therefore, our capstone proposes the density of medical facilities used for administering

vaccines as a possible short-term trigger to maximize equity by targeting communities with access barriers.

The problem of vaccine distribution and the non-acquired herd immunity against certain diseases
in many developing countries became a topic of interest with the arrival of the COVID-19 pandemic. Many
research projects approached this issue. For instance, the UNICEF model attempted to achieve maximum
immunization coverage against COVID-19 by relating access to vaccines to the distance between individu-
als and vaccination centers (Goentzel et al., 2022). While this model showed satisfactory results in the
field, for example, in Gambia, the approach remains superficial because it fails to account for the charac-
teristics of communities and ignores the resulting disparities. This failure to consider socioeconomic fac-
tors was also noted during the recent pandemic, where vaccine coverage was not equitable across regions
and countries. The resulting inequity occurred due to several factors: unavailability of vaccines at the be-
ginning of the virus’ spread, the urgency of distributing them once available, lack of resources, logistical
difficulties, and many more. For all those reasons, it did not allow decision-makers to take the necessary
time for essential preparation and to get the whole picture, particularly considering social inequalities.
Hastily, politicians decided to use the existing network infrastructure for vaccine distribution to children

at schools, health centers, and pediatricians. Their approach led to inequitable vaccine distribution.

Based on our motivation, our capstone answers the following questions:

1. How can we define measures of equity in the context of vaccine accessibility?

2. How can we use these vaccine equity measures to improve the equity of vaccine access?

10



1.3 Project hypotheses and outcomes

This project proposes an equity measure to serve as an input into a supply-chain network design
model to provide decision-makers and healthcare providers with a tool to identify the number of required

vaccination sites under equity aspects.

First, we hypothesized that equity can be proxied through socioeconomic factors, which can be
proxied by geospatial data. We conducted a literature review of the common definitions of equity and
their variables and how to measure them. We could confirm it through our empirical study on the county

level of the United States by selecting the socioeconomic features that impact vaccination attainment.

We hypothesized that a data-driven supply-chain network design considering socioeconomic cri-
teria would result in maximally equitable immunization coverage. To consider equity in a distribution net-
work, our model can serve as an input, suggesting the number of vaccination sites required in local geo-
graphic areas: sites per census tract. Running our scenarios by adjusting the density of medical facilities
confirms this hypothesis in improving equity measures on the tract level in the United States or Cambridge,

MA case.

Following the WHQ's equity definition, we finally hypothesized that when we can isolate spatial
effects from socioeconomic factors, the outcome solely based on socioeconomic factors should be equal
to attain equity. Only spatial factors should be the cause of differences between vaccine access. Conse-
guently, changing spatial factors, like the density of medical facilities, could be used to improve equity by
compensating for disadvantages. For ease of reading, when we talk about socioeconomic factors, we mean
to include demographic and cultural aspects describing the population living in a region. Spatial factors,
on the other hand, describe the location where people live. It is important to note that the WHO definition
also refers to the geographic attributes that describe a population. This reference must not be confused

with the spatial factors that describe a region.
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2 State of the Art

This section discusses how equity is defined (2.1) and distinguishes between equity, equality, jus-
tice, and fairness. We focus on two equity dimensions, social equity (2.1.1) and spatial equity (2.1.2), and
how they are linked. We then connect them to establish equity in health systems (2.2) and apply these

concepts to vaccine distribution (2.3).

2.1 Definition of equity

Our capstone has now discussed the abstract idea of equity without discussing its definitions fur-
ther. This section discusses how equity and equality are linked and identifies the difference between both
concepts. They are manifestations of what we perceive as just or fair, i. e., right. Therefore, equality usually
means that the outcomes or procedures are the same under the same conditions (Cook & Hegtvedt, 1983;

Mehrabi et al., 2020).

On the other hand, equity is sometimes referred to as relative equality and accounts for different
needs, which will not necessarily lead to the same outcome (Cook & Hegtvedt, 1983; Mehrabi et al., 2020).
Cook and Hegtvedt (1983) point out that it depends on the situation and which concept of equity stake-
holders prefer. The Centers for Disease Control (Centers for Disease Control and Prevention, 2020b) de-
fines health equity as “when everyone has the opportunity to be as healthy as possible” on its website and
sets it as its objective to attain health equity. We believe that the concept of equity used to access vaccine

equity highly depends on the context and requires different processes or procedures.

In the following sections, we look at social and spatial equity concepts to relate them to the health

field later.

12



2.1.1 Social equity

Many theories evolved around social equity (utilitarianism, intuitionism, egalitarianism, Rawls’
theory of justice, and Sadr’s theory of justice), which Dastgoshade et al. (2022) considered when develop-
ing their view on social equity. Although these theories are derived from alternative doctrines, they share
the primary goal of practicing social justice in a distribution network to ensure that no population group
or area will be deprived of COVID-19 vaccines. In the following, we will give a short overview of utilitarian-
ism (2.1.1.1), Rawls’ theory of justice (2.1.1.2), and Sadr’s theory of justice (2.1.1.3) as the main relevant

streams for our capstone project.

2.1.1.1  Utilitarianism
Various philosophers studied the theory of utilitarianism over the years, initially thought by Jeremy

Bentham and John Stuart Mill. It is based on three values (Pereira et al., 2017):

= Human welfare: this value should be the basis of equity.
= Equal respect: mutual respect that should be practiced.
= Ethical judgment about actions should be based solely on consequences, particularly how well-

being can be enhanced.

For utilitarians, what matters is how resources are distributed in the final state, and they do not
care if that means only a select few receive them or if everyone’s rights are violated in the process. Utili-
tarianism is concerned only with maximizing whatever social outcome is deemed most important, regard-
less of the state of society at the time. Among utilitarians, moral equality is defined as the inclusion of all
people in calculating social welfare. Forcing this to its logical conclusion would mean that no one has the

right to life if their death would result in the best possible overall outcome for society (Lewis et al., 2021).

13



2.1.1.2 Rawls’ theory of justice

Justice as fairness is also a central tenet of Rawls’ “A Theory of Justice.” Rawls assumes that people
are rational, self-interested actors trying to maximize their claims to income and wealth, which are the
primary goods of society. It also points out that everyone has the right to the same minimum level of

freedom, also known as the principle of greatest equal liberty (Lewis et al., 2021).

When developing the principle of justice theory, Rawls introduced the “original position” as an
artificial device. The device created a hypothetical situation in which members of the population could
reach a contractual agreement on the distribution of resources without one part of the peers appearing
to be more advantaged. However, individuals could align the principles to their advantage without further

control (Lewis et al., 2021).

John Rawls created this framework to reflect the principles of justice that could prevail based on
free and fair social interactions. Absent a ‘veil of ignorance,” specific individuals, such as the privileged and
talented, would exert pressure on the vulnerable, weak, and handicapped. Coercing vulnerable members
of the population renders any contractual arrangement that may exist, in nature, null and void (Norton,

1989).

2.1.1.3  Sadr’s theory of justice

According to Sadr’s theory of justice, social equity is the equitable distribution of benefits among
social groups (Reda, 2014). As a result, a fair system enables people from all social classes to become
wealthy (Fahlevi, 2019). Sadr’s theory also holds that the economic climate should be such that poverty
and deprivation are eradicated while total benefits are maximized. Sadr believed that achieving these two
goals would create a social balance among a society’s various classes, thereby reducing class differences
(Behbahani et al., 2019). Social balance and mutual responsibility for support are the two pillars of Sadr’s

theory (Askari & Mirakhor, 2020, p. 22).

14



Al-Sadr supports limited economic liberties and the joint ownership of assets (private and public).
He identifies these as the conditions necessary to realize a just society wherein the distribution of re-
sources is equitable and poverty eradicated. This theory also argues that the ultra-rich should not be al-

lowed to hoard their wealth, as doing so hurts both the rich and the poor (Lewis et al., 2021).

In summary, utilitarianism is more focused on the final result and how to maximize the social out-
come without considering the limited resources or capacities as constraints, or the equitable sharing of
resources among groups and individuals. It can be assimilated to maximizing accessibility to vaccine cen-
ters, not considering the disparities between the individuals (e. g., minimizing distance, allocating centers
everywhere). In contrast, Rawls’ and Sadr’s theories focus on compensating for inequalities and offering a
fair opportunity. The common point of those theories is that they try to privilege the least advantaged

people. However, both theories do not guide how to define the neediest proportions of society.

2.1.2 Spatial equity

While social equity looks at the interaction between individuals and society, it makes sense to
decrease the granularity and investigate how those interactions occur spatially (Whitehead et al., 2019).
We explore the different dimensions of spatial equity (horizontal and vertical) in section 2.1.2.1 and review

the most frequently used measures of spatial equity in section 2.1.2.2.

2.1.2.1 Horizontal and vertical Spatial Equity

We can identify horizontal and vertical spatial equity to assess spatial equity in equipment distri-
bution. On the one hand, horizontal spatial equity refers to the equitable distribution of facilities among
residents regardless of location or socioeconomic status (Ashik et al., 2020). In other words, this strategy
aims to improve residents’ access to facilities disregarding their needs. Vertical spatial equity, on the other
hand, refers to an equitable distribution of facilities over space based on the population’s need or demand
(Ashik et al., 2020). This approach aims to reduce inequalities in equipment distribution by ensuring une-
qual treatment with inequalities by prioritizing the needy people.

15



Lucy (1981), in his research papers, developed five facets of equity: “equality” (each resident con-
sumes equal services); “need” (consumption level based on residents’ needs); “demand” (residents ac-
tively benefiting from equipment should receive a higher allocation); “preferences” (services equal to res-
ident preferences); and “willingness to pay” (the level of consumption depends on the willingness to pay).
According to the equity needs approach, most socially disadvantaged populations should receive more
services to provide these groups with favorable conditions they would not otherwise have (Nicholls, 2001).
The concept of “equality” adheres to the principles of horizontal spatial equity, whereas “needs” and “de-

mand” adhere to the concept of vertical spatial equity.

To create a long-term distribution system of urban amenities, ensure adequate and easy access
for city dwellers, and improve residents’ quality of life, planners must consider spatial equity in the distri-
bution of urban amenities. In the context of the geographical supply of urban equipment, spatial equity
helps planners assess the consequences of current strategies for allocating urban resources and study “the

inter- and intra-effects of all urban amenities on townspeople” (Ashik et al., 2020).

The measure of accessibility has been widely used in the literature for the quantitative assessment
of spatial equity (Talen & Anselin, 1998; Tsou et al., 2005; Liao et al., 2009; Mashrur et al., 2015). However,
because these studies have examined equality rather than equity of access, most accessibility-based stud-
ies consider only spatial accessibility in assessing spatial equity and measure the accessibility of horizontal
spatial equity. These studies assume that an equitable distribution of urban amenities occurs when all
urban residents, regardless of location or socioeconomic status, can experience equal ease and conven-
ience in arriving at a service in a given travel time or distance (Talen & Anselin, 1998; Nicholls & Shafer,
2001; Tsou et al., 2005; Liao et al., 2009; Mashrur et al., 2015). It is apparent and reasonable that the level
of spatial accessibility will vary across space (Dear, 1974). Furthermore, there may be inequity in the dis-

tribution of urban amenities over space due to allocating priority to socially disadvantaged or highly

16



needed areas, resulting in inequality but equity in access to this equipment. In this regard, Rawls proposes

that inequalities can be distributed to benefit the most disadvantaged (Ashik et al., 2020).

These studies, however, could not assess vertical spatial equity in terms of needs, constraints, and
demands because it is impossible to uncover the needs of urban and socially disadvantaged residents

without considering spatial accessibility.

As a result, these studies did not contribute to identifying whether and to what extent better spa-
tial accessibility to urban facilities corresponds to the needs of socially disadvantaged populations or the
demand of city dwellers. Although few studies have examined vertical spatial equity, these studies have
several limitations. Most researchers evaluate spatial equity studies in the context of a specific facility
(Smoyer-Tomic et al., 2004; Boone et al., 2009; Chang & Liao, 2011; Yuan et al., 2017; Kelobonye et al.,
2019). If researchers argue that within the framework of spatial equity, the scarcity of one urban facility
can be compensated by the abundance of another, this implies that the technique for measuring spatial
accessibility should include all types of urban facilities in a unique setting (Mashrur et al., 2015; Tsou et al.,
2005; Dadashpoor et al., 2016). Moreover, these studies only consider a single indicator to characterize

spatial accessibility in terms of local demand or social disadvantage.

All urban residents should have equal spatial access to urban amenities to assess the horizontal
spatial equity of urban amenities (Liao et al., 2009; Nicholls & Shafer, 2001; Mashrur et al., 2015). In con-
trast, for vertical spatial equity, there should be an inequality of spatial access arranged according to the
needs of the socially disadvantaged population and the demand of urban residents. It is necessary to iden-
tify needs and demands before implementing ‘needs’ and ‘demand-based approaches. Low-income, poor,
and minority groups, among others, can be identified as needs (Lucy, 1981), and demand can be measured

by identifying the actual users of a facility (Kelobonye et al., 2019). As the measure of spatial accessibility

17



addresses the socioeconomic, demographic, and cultural constraints of the user population (“acceptabil-
ity,” “affordability,” and “awareness” of a facility), it can be used to assess the “needs and “demand” based

approaches to equity.

For example, in the transport sector, accessibility is a critical indicator in assessing the spatial dis-
tribution of transport facilities as well as the operational efficiency of the transport system. Transportation
planners can assess the vertical and horizontal equity of transportation benefits by revealing the level of

accessibility between regions and groups of people (Jin et al., 2022).

A study conducted by Zhao et al. (2020) used SHAP values in combination with the Gini index, to
extract the drivers of horizontal equity in healthcare in China and decompose them into “need-factors”
and “non-need” factors (household registration, region, work status, education, income, insurance, and
marital status). The value they base their equity calculations on are the healthcare expenses for the groups

subject to the study (see 3.4 on SHAP).

In summary, horizontal and vertical equity are key pillars for our research. On the one hand, we
intend to maximize the populations’ access to vaccine distribution centers based on spatial factors. On the
other hand, we must consider different socioeconomic factors to characterize the different social groups

and attain equitable access based on spatial factors.

2.1.2.2 Most frequent measures of spatial equity

In a systematic review of 75 papers, Whitehead et al. (2019) synthesize which measures were used
in the past to measure spatial equity. Table 1 shows the ten most frequent measures, the definitions of
equity, and the count of papers using them. The most common measures were the Gini Index, regression,
and spatial autocorrelation or local indicators of spatial autocorrelation (LISA). Most papers used a needs-
based definition of equity; however, there is no consensus on how need is defined and whether the need

is viewed at an individual’s level or the entire population. Regression and correlation analysis mainly was
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used to identify the most relevant socioeconomic factors and their relation to the investigated equity

measure.

Table 1:
The ten most common measures of spatial equity analysis are classified by the associated definitions used
by each article.

Definition

(1) Distributional  (2) Meeds-based (3) Outcomes or  (4) Mot provided  Total
Spatial equity measure fairness (n = 11)  distribution (n—=45) causes (n — &) (n=14) (n=75)
Gini Index 2 6 nfa 9 17
Regression 2 6 2 4 14
Spatial autocorrelation or LISA | 10 2 I 14
Correlation 4 ¥ I | 13
Concentration Index nla 8 nfa I ?
Lorenz curve nfa 3 nfa 2 5
Population analysis of accessibility | 2 nfa | 4
ANOVA 2 I I nfa 3
Atkinson Index n/a nfa nfa | 2
Robbin Hood Index n/a 2 nfa nfa 2
Service ratios nla nfa nfa I |

*Some papers included more than one definition, and the total number of papers using this method has been adjusted accordingly and does not equeal
the sum of the row. Furthermore, 26 papers used more than one method, and so the total number of papers in each definitional category does not
equal the sum of the column.

Note. From “How can the spatial equity of health services be defined and measured? A systematic review
of spatial equity definitions and methods” by Whitehead, J., L. Pearson, A., Lawrenson, R., & Atatoa-Carr,
P., 2019, Journal of Health Services Research & Policy, 24(4), 270-

278.(https://doi.org/10.1177/1355819619837292). Copyright 2019 by Whitehead, J., L. Pearson, A., Law-
renson, R., & Atatoa-Carr, P.

Remarkably, eight papers investigated by Whitehead et al. (2019) assessed equity without defin-
ing it. It also concludes that vertical equity definitions may be more applicable when discussing health-
related issues. When using the Gini coefficient, the authors conclude that it does not require an explicit
definition of spatial equity. However, they alert that if not used carefully, it may only lead to equal out-

comes, which are not necessarily equitable.

The Gini coefficient is an inequality measure, not a resource allocation measure. Also, it adheres
to anonymity and scalability. It is anonymous which subgroups have high and low vaccination coverage.

Considered “scale independent,” the Gini coefficient is unaffected by the vaccine supply size or population
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size. Finally, the Gini coefficient can compare vaccination distributions among subgroups (Enayati &

Ozaltin, 2020).

2.2 Equity in health systems

After exploring the general concepts of equity, this section discusses how researchers proxied eg-
uity and its different measures in the medical field, especially health services distribution. We start by
defining spatial factors used in assessing medical needs (2.2.1) and then detail the factors influencing
health facilities” attractiveness (2.2.2). That explained, we highlight the importance of efficiency in equity

(2.2.3) and how factors other than distance can be an advantage or barrier to accessibility (2.2.4).

2.2.1 Non-Spatial factors in assessing medical needs
Certain factors remain essential to study equity within groups to characterize a society. Field
(2000) developed a relative advantage index after compiling a list of factors affecting access to health care.

He identified the following factors based on year 2000 census data:

= Demographic variables (sex and age): Seniors over 65, children 0-4, and women 15-44 are among the
demographic variables influencing health needs (considering all three population groups to have high
needs for primary medical care services).

= Socioeconomic status: poverty rate, female-headed households, home ownership, and median in-
come. Low socioeconomic status can be an obstacle to healthcare access.

= Environment: households with more than one person per room on average and residences lacking
basic amenities can contribute to higher levels of poor health.

= Linguistic barrier and service awareness: Non-white minorities, uneducated people, and linguistically
isolated households face language barriers and lack awareness of services. Minorities, low levels of
education, and linguistic isolation may be significant barriers to accessing health care.

= Transportation mobility: households without vehicles. People who rely solely on public transport may

have less mobility and significantly limited access to physicians.
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While Field (2000) operationalized the factors to identify the vulnerable groups and highlight the

disparities between groups, Kilinc et al. (2018) used different socioeconomic factors to assess the distri-

bution of healthcare services:

Racial/ethnic population composition: Data was collected on the Black, Hispanic, Native Hawaiian,
and other Pacific Islander groups.

Rural/urban status: The percentage of the rural population and population density are two variables
chosen to reflect population locations’ rural/urban status.

Income: The income per capita, unemployment rate, and poverty rate were chosen as income varia-
bles, with the latter defined as the percentage of the population living below the federal poverty line.
Education: The percentage of the population with a high school diploma or higher is chosen to reflect
the level of education. This data is obtained at the census tract level from the ACS and converted to

the postal code level.

As socio-demographic variables are frequently correlated, Wang and Luo (2005) studied the non-

spatial factors to aggregate them into three indicators:

= Socioeconomic disadvantages: Socioeconomic disadvantage is a crucial factor, and it includes six
variables: female-headed households, poor population, non-white minorities, vehicle-less households,
home ownership, and homes lacking basic amenities. Except for the homeownership variable, all load-
ing coefficients are positive, indicating that a lower percentage of owner-occupied housing units is
generally associated with a more deprived neighborhood. This variable is a general indicator of socio-
economic disadvantage. According to the field’s research, high-scoring areas (low-access areas) are
concentrated in urban areas, while low-scoring areas (good-access areas) are found primarily in sub-
urban and rural areas. As Wang and Luo (2005) point out, this factor is unquestionably the most sig-

nificant.
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=  Sociocultural barriers: The second factor includes linguistically isolated households, households
with more than one person per room, and those without a high school diploma. Positive loading coef-
ficients exist for all three variables, forming a comprehensive indicator of sociocultural barriers. As
noted earlier, language isolation and low educational attainment may be linked to a lack of awareness
of services, a significant barrier to accessing health care. Immigrants are less educated and more likely
to live in overcrowded housing. High-scoring (hard-to-reach) areas are mainly concentrated in and
around Chicago and its suburbs.

= High healthcare needs: The third factor includes two variables: the population with high needs
and median income are the least important. Note that the income variable is split almost evenly be-
tween the first and third factors (negative correlations). The focus on the first factor is justified, while

the focus on the third factor is less intuitive but not entirely unexpected.

Using these indicators, Wang and Luo (2005) identified four types of shortage areas that need to

be prioritized while allocating resources:

=  For geographical groups: “Areas of poor spatial access” and “Areas of marginally poor spatial ac-
cess with high needs.”
=  For demographic groups: “Disadvantaged population” and “Marginally disadvantaged population

with sociocultural barriers.”

2.2.2 Health Facilities attractiveness and its effect on equity

In the previous section, we characterized the demand in the health sector based on socioeconomic
factors. In comparison, Tian et al. (2022) studied the accessibility and equity of the multi-tiered medical
system in Shenzhen from another perspective. Having the facilities close geographically (minimum dis-
tance) to the inhabitants cannot influence the patients’ willingness to go to health centers. The quality of

the service offered and the transportation time and mode could be a barrier or an advantage for center
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accessibility. Tian et al. (2022) introduced the concept of the “attractiveness of health facilities” and visitor

“tolerance of health facilities.”

According to Tian et al. (2022), the attractiveness of health facilities is proxied by the hospital’s
planned capacity. A hospital’s planned capacity is determined by the potential demand of the surrounding
neighborhoods, which is reflected in the hospital’s final size. This includes the number of beds, doctors,
nurses, and health professionals. The attractiveness of the hospital can be expressed using an equation
based on the proportion of effective consultations compared to the number of doctors in the hospital for
outpatient visits. Thus, visitor tolerance was defined as the overall assessment of residents visiting a
healthcare facility, which included two factors: the population’s distance from the healthcare facility

(based on travel time: drive and walk time) and the attractiveness of the healthcare facility.

From this study, we concluded that distance, while important, is not the only factor in assessing
equitable access to health centers. Other factors related to the facility features must be considered when
evaluating optimal locations for vaccine distribution, like the number of physicians, service quality, and
crowding effects. Also, Tian et al. (2022) used the Gini index to assess the spatial equity of health facilities
at the sub-district level, and the results showed that regions with higher accessibility generally experienced
better equity among different groups. We, therefore, concluded that higher accessibility could realize bet-

ter equity results.

2.2.3 Equity-efficiency Trade-off in medical care facilities
Whereas treating equity in health distribution services is vital, we need to consider the efficiency
of the allocated resources, especially costs. Our study provides a framework for decision-makers, so we

cannot omit the budget constraint when deploying equity.
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Cho’s (1998) equity-efficiency trade-off model uses three factors to determine its objective func-
tion: consumer welfare, producer welfare, and the opportunity to receive service. System efficiency is as-
sessed by the total of consumers’ and producers’ welfare, while system equity is reflected in the ability of

all people to obtain medical care regardless of their ability to pay for that care per capita.

The welfare accrued to providers of medical services can be measured by the concept of producer
surplus, i. e., the welfare changes to suppliers because of price changes. The difference between revenues
(to the service providers) and total variable costs (incurred costs to provide the service) is equivalent to

“producer surplus,” conceptually measured by the area between the supply curve and price.

The per capita transportation cost incurred to reach medical facilities is used to define system
equity, which is an objective function in this equity-efficiency trade-off model. However, existing alloca-
tions are often well outside the optimal range for a given set of equity-efficiency weights. Despite the

preferences encompassing both some efficiency and equity gains may be possible (Cho, 1998).

So accordingly, having an equitable vaccine distribution network is related to the nature of the
vaccine, as the social groups do not have the same needs for the different vaccines (e. g., MMR, COVID-
19, Varicella). The population needs vary and must be addressed based on the vaccine and target group.
Also, the transportation cost (public or private car) could be an excellent proxy for evaluating accessibility

besides distance and travel time.

While this study considered the producer surplus to evaluate efficiency, which can be the right
approach for choosing private providers, we can only examine the allocation cost (budget) for opening a

location in the case of vaccines, proxied by the cost of the density of medical facilities.
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2.2.4 Means of transport as an equity driver
Many studies argue that distance can be a good proxy to assess accessibility, and we discussed
how equity is affected by travel time to facilities in the preceding sections. In this section, we look closer

at the impact of the means of transport on the equity of access.

2.2.4.1 Relative accessibility difference between private cars and public transit

Jin et al. (2022) concluded that the higher the level of health care, the larger the proportion of
people with relative access to public transportation. High-income groups are more accessible by public
transportation than by private car, while low-income groups are less accessible by public transportation.
Furthermore, high-income groups have the highest absolute values for all health services, implying that
high-income groups benefit more from public transportation than other groups. High-income neighbor-
hoods are concentrated in central urban areas with well-developed bus and metro systems, whereas low-
and middle-income neighborhoods are concentrated in the suburbs with less developed public transpor-

tation, particularly for metro services.

2.2.4.2  Spatial accessibility inequity by private cars and public transportation

Using the Theil index, Jin et al. (2022) found that relative accessibility by private cars (RAPC) to
tertiary healthcare services (THC) is the highest, indicating the greatest inequality in the relative accessi-
bility of tertiary healthcare services by private cars. The value of RAPC services to primary healthcare ser-
vices (PHC) is the lowest, implying that relative accessibility to PHC services by private car is balanced. In
terms of total inequity, the inequity of access by private car increases with the level of health services,
whereas the greatest inequity of access by public transportation exists in secondary services, followed by
tertiary and primary services. Within-group inequality shows that high-income households have the best
access to tertiary health care, while low-income households have the best access to primary health care.

For low-income groups, access by private car is more equitable than access by public transportation, while
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the opposite trend was observed for high-income groups. In terms of intergroup inequality, the level of

health services increases intergroup inequality.

Furthermore, intergroup inequity in public transportation is greater than in private cars, implying
that access to public transportation is more unequally distributed among different groups. As we can see
from these findings, having access to public transportation or owning a private, depending on social group,
can penalize access to health services based on the social group. Thus, adding these factors to our scope
is relevant to assess accessibility and the attractiveness of the locations. Another essential aspect to con-
sider when creating subgroups based on socioeconomic factors is population density. According to Jin et
al. (2022), Geographical correlations between population density and relative accessibility are generally
positive. Public transport accessibility and population density are correlated stronger than private car ac-
cessibility and population density. Correlations between population density and access to higher-level

health services are strong.

In conclusion, while many studies have examined inequality in spatial accessibility to health ser-
vices, few have looked at inequalities between and within groups. Furthermore, most approaches attempt
to conceive the distance-dependent interactions between the supply of health services and the demand
of populations and the representation of competition between populations for limited resources. The re-
sults of the accessibility assessment can be used to identify disadvantaged areas and reallocate facilities
accordingly for populations. The absence of avoidable or remediable differences between groups of peo-
ple, whether these groups are socially, economically, demographically, or geographically defined, is de-
fined as equity (World Health Organization, 2022). Inequalities can be categorized as horizontal/ geograph-
ical or vertical/ socioeconomic. It is important to note that the WHO definition also refers to the geo-
graphic attributes that describe a population. This reference must not be confused with the spatial factors

that describe a region.
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2.3 Vaccine distribution approaches

This section examines what has been done recently on vaccine distribution. We will first see how
the scenarios would have performed in past pandemics (2.3.1), especially the effects on equity. Then, we
identify factors besides socioeconomic ones in the context of vaccines used in mixed integer linear pro-
gramming (2.3.2). Finally, we investigate how social equity theories perform in a real-world situation

(2.3.3) and emphasize the key takeaways.

2.3.1 Equitable Influenza vaccine distribution

Researchers tried to study how vaccine distribution networks performed and what would happen
if we applied an equity lens in the past pandemic. For instance, Enayati & Ozaltin (2020) used a segmented
model for influenza transmission and formulated a mathematical program to minimize the number of vac-
cine doses distributed in the case of the 1957 Asian influenza pandemic. They propose an equity constraint
to assist public health officials in considering equity when making vaccine distribution decisions. They per-
formed a sensitivity analysis to demonstrate the application of the proposed model on key epidemic pa-
rameters and devised a precise solution approach that yields a vaccine distribution policy with guaranteed

solution quality.

2.3.1.1 Model Formulation

Enayati and Ozaltin (2020) developed a fractional model to characterize influenza spread through
interacting subgroups. They developed a mathematical program to reduce the number of vaccines distrib-
uted to contain a possible epidemic. Finally, they suggested a constraint to ensure subgroup coverage

equity.

The population is divided into four compartments based on disease stage in classic SEIR epidemic
models: susceptible, exposed, infected, and cured (or suppressed). Each compartment is assumed to be

homogeneous. Each disease stage portion is further subdivided.
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They calibrated their models by age and zone: Five age groups are mutually exclusive: preschool
(0-4), school (5-18), young people (19-29), middle-aged (30-64), and seniors (65+). Although each pan-
demic virus has unique illness-specific properties, they used parameter values from the 1957 Asian influ-

enza pandemic to calibrate disease spread models.

2.3.1.2  Principal findings

Adding the equity constraint to the model, they introduced an auxiliary variable representing uni-
form vaccine coverage across all regions and enforced an adapted Gini Index (GR) constraint. By constrain-
ing model equity in regional vaccine allocation, the proposed solution to the same problem with GR < 0.04
and GR £ 0.02 shifted vaccine allocation from other regions to a particular region when coverage inequity

tolerance was reduced — knowing that GR equals 0.1 when coverage inequity is not controlled.

Vaccine uptake increases when the equity constraint is combined with a tolerance for inequality
— greater vaccine efficacy results in a higher percentage increase. After applying the equity constraint,
vaccine efficacy improves, so vaccine usage increases even more to meet the equity constraint. As they

considered more regions, the difference between the minimum and maximum regional coverage grew.

We can infer from this study that vaccine distribution equity can be a driver to meeting maximum
vaccine coverage and so better immunization to stop virus spread. Based on past pandemics, scenario
analysis can help assess our real-world scenarios, as the models used in the past did not meet equity re-

quirements.

2.3.2 Immunization coverage maximization through an optimized vaccine network

Other researchers tried to maximize immunization coverage by enhancing accessibility geograph-
ically. In this sense, Goentzel et al. (2022) developed a model to support a government’s strategic decisions
regarding vaccination campaign budgeting with an optimized method of determining vaccination point

location. Using a Mixed Integer Programming (MIP) optimization, the authors used a multi-configuration
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approach to develop this model, first defining an exploratory model to facilitate interaction with UNICEF

in formulating the formal model for use with empirical data from Gambia.

2.3.2.1 Model formulation

They developed an exploratory model to maximize vaccinations in fixed health centers or outreach
sites with a limited budget. Fixed health centers were established locations that offered routine immun-
ization services. Outreach sites were one-day clinics held in more remote communities by people sent
from fixed health centers. The demand function was modeled as an endogenous function that reflects
people’s willingness or ability to travel for vaccination services. The authors concluded that as the vaccina-
tion location became further away from them, people would be less likely to travel for vaccination services.
Besides the physicians and allocated resources, these properties can affect the center’s attractiveness,

which can be a determinant factor of equity and enhancing the accessibility of vaccine locations.

2.3.2.2  Principal Findings

Goentzel et al. (2022) could reduce the distance between vaccine services and the population by
adding outreach sites under a fixed budget. With more candidate proximity sites, location optimization
reduced the average distance by more than 10% and increased vehicle utilization. No health center had
more than twenty monthly trips, meaning the outreach plan was feasible even if a health center only had
one vehicle. With no vehicle costs and more productive employee days, service cost was lower at a fixed

health center.

2.3.3 Distribution networks designed for the COVID-19 vaccine

Operationalizing social theories and incorporating them into modeling helped to see how they
would perform in vaccine distribution. Dastgoshade et al. (2022) developed a new stochastic distribution
network design model based on social equity and solved it using a multi-objective approach in the case of
two large provinces in Iran. Researchers discussed the context of the COVID-19 pandemic in central prov-
inces that have been heavily influenced.
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Dastgoshade et al. (2022) applied three social equity theories to COVID-19 vaccine distribution to
build their model. They aimed to help decision-makers and experts choose the best theoretical framework
for equity while considering all relevant factors. Firstly, applying utilitarianism seeks to maximize COVID-
19 vaccines for each social group. Secondly, Rawls’ theory was used because it prioritizes poor groups.
Sadr’s theory of justice was the third one used with the same objective as Rawls’ theory. The calculations
and equations proposed by the authors serve to reduce class differences and maximize total benefits. They

used the Gini index in the calculations to calculate inequity.

The following section will summarize how Dastgoshade et al. (2022) approached their network

design for vaccine distribution equity.

2.3.3.1 Model Formulation
For their distribution network, Dastgoshade et al. (2022) tried to minimize the Distribution Cen-
ters’ (DC) opening costs, transportation resource allocation costs, and vaccine delivery costs from DCs to

social groups to express the efficiency of the designed distribution network.

The authors considered vaccine requirements, cold chain and equipped facilities, and the prede-
fined delivery points at social group locations (the public health authorities predefine the set of potential
DCs in certain places in the territory, e. g., vaccination centers and hospitals). Consequently, the study
examined the role of social equity theories on the COVID-19 vaccine distribution network in low- and mid-
dle-income countries, housing in large cities, dispersed populations, lack of health access in small towns,
and poor logistics, health services, and infrastructure in rural communities. Characterizing social vulnera-

bilities is vital to distributing COVID-19 vaccines fairly to developing countries and vulnerable groups.

In order to identify social vulnerabilities and ensure equitable distribution, the study considers
three social groups. Human settlements are divided into cities, towns, suburbs, and rural areas based on

population density (Dijkstra & Poelman, 2014; Dijkstra et al., 2021). Applying social theories to vaccine
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distribution requires knowledge of local conditions. Before calculations are made, each social group is as-

sumed to be a specific type.

Dastgoshade et al. (2022) assumed that social groups are rated hierarchically as low, moderate,
and highly (poorest) vulnerable. They also state that supply shortages correlate positively with the ranking
of the social groups: the more vulnerable a group, the more uncertain the supply. Thereby, it adds com-
plexity to serve those groups that need it most. In the first phase of the vaccination program, those most
vulnerable to COVID-19 would be vaccinated first. Thus, the highest complexity occurs at the beginning of

a vaccination campaign.

2.3.3.2  Principal Findings
Dastgoshade et al.’s (2022) solution approach is based on the Lexicographic Goal Programming
(LGP) method, which is appropriate for multi-objective problems with established priorities. The LGP

method prioritizes different objectives in lexicographical order to reduce undesirable slack variables.

The study presents nine alternative design solutions that are created and compared using three
social equity theories applied (utilitarianism, Sadr’s theory, and Rawls’ theory) to a bi-objective model and
two single-objective models (the first is used to maximize allocation, while the second goal is to minimize

the total costs).

We concluded from the study of (Dastgoshade et al., 2022) that each theory proposes a different solution
and does not satisfy the same objective regarding cost efficiency, population coverage, and equity be-
tween groups. Also, each theory’s applicability varies from the specific context and cannot be generalized

to all groups as each theory focuses on other aspects of equity.
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Table 2:

Social Theories Impact on Vaccine Distribution

Utilitarianism

Sadr’s theory

Rawls’ theory

Objective

Maximize welfare
across society as a

Social balance among
different classes of so-
ciety and maximize

Prioritize underprivi-
leged groups (equal op-

whole welfare portunity)
Coverage in Cities 93% 95% 94%
Coverage in Suburbs 929% 899% 90%
and towns
Coverage in Rural Areas 97% 98% 100%

Least
Cost and Allocation M.OSF Expenswg Most Cost-efficient I?fflae.nt
(Maximize Allocation) (Expensive with low al-
location)

Adapted Context

Developed Countries

Countries seeking bal-
anced solutions

Countries with the high-
est rural population

Note. The numbers in this table are compiled from “Social equity-based distribution networks design for
the COVID-19 vaccine” by Dastgoshade, S., Shafiee, M., Klibi, W., & Shishebori, D., 2022, International

Journal of Production Economics, (https://doi.org/10.1016/j.ijpe.2022.108684).

These results show that not all the factors can be integrated and applied in the same way to proxy equity

in different contexts. The approach to establishing equitable distribution networks for vaccines can differ

based on the attributes to evaluate and the objectives to attain. In addition, we must account for uncer-

tainty as it influences the performance of each social equity theory. For example, it will make Rawls’ theory

the least reliable solution for the equitable vaccine allocation problem when the rate of arrivals is relatively

low (Dastgoshade et al., 2022).

Dastgoshade et al. (2022) and Mohammadi et al. (2022) provided an overview of some papers

conducting network distribution planning and incorporating equity. The authors compare equity

measures, distribution context, objective, model characteristics, and decision level. As shown in Table 3,

only two of the seven models were studied, and the proposed model uses a multi-objective design; all of
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the models except for the study of Dastgoshade et al. are deterministic, and only three of them provide a

strategical component.

Table 3:
Reviewed vaccine distribution networks literature

Author (year) Equity  Equity Measure Decisions Objective Case
Study

S 5 5 288y &8

IS = = N T2 =2 0

] S S Sc L5 =9

S S ¥ I 28 38

3 2 IS oca 57T S 9
Chen et al. (2014) - N4 N4 Multiple
Yarmand et al. (2014) - v v Influenza
Dai et al. (2016) - N N N4 Influenza
Lemmens et al. (2016) - Vv N N General
Sadjadi et al. (2019) - N4 v N4 General
Lim et al. (2019) - v Vv N4 General
De-Carvalho et al. (2019) - N N4 MMR
Bertsimas et al. (2020) - N4 N Covid 19
Yang et al. (2020) - Vv N4 General
Chen et al. (2020) v Gini Index v N4 Covid 19
Enayati and Ozaltin L
(2020) v Gini Index v v Influenza
Rastegar et al. (2021) - v Vv v Influenza
Sinha et al. (2021) . v v ﬁ;gepha_
Thul and Powell (2021) - v v Covid 19

Minimizing the devia-
Balcik et al. (2022) v tion from the fair N v Covid 19
coverage levels

Goentzel et al. (2022) - v v v General
Dastgoshade et al. (2022) Social equity theories v N Covid 19
Khodaee et al. (2022) v Minimizing the dep- v v Covid 19

rivation Cost

Note. Data for this table was compiled from “Social equity-based distribution net-works design for the
COVID-19 vaccine” by Dastgoshade, S., Shafiee, M., Klibi, W., & Shishebori, D., 2022, International Journal
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of Production Economics, (https://doi.org/10.1016/j.ijpe.2022.108684), “Bi-objective optimization of a sto-
chastic resilient vaccine distribution network in the context of the COVID-19 pandemic” by Mohammadi,
M., Dehghan, M., Pirayesh, A., & Dolgui, A., 2022, Omega, 113
(https://doi.org/10.1016/j.o0mega.2022.102725) and “Vaccine network design to maximize immunization
coverage” by Goentzel, J., Russell, T., Carretti, H. R., & Hashimoto, Y., 2022, Journal of Humanitarian Logis-
tics and Supply Chain Management (https://doi.org/10.1108/JHLSCM-10-2021-0101). Copyright 2022 by
Elsevier B.V, copyright 2022 by Elsevier Ltd. and copyright 2022 by Emerald Publishing Limited.

2.4 Conclusion

Our review shows that equity has many parallel definitions that sometimes overlap or contradict
each other. Which theory to favor highly depends on the situation, the individual’s equity perception con-
gruence, and the situation to judge. We looked at the spatial expansion of equity theories comprising
horizontal and vertical equity. While one is close to being equal to equality, the other focuses on an indi-
vidual’s, a group’s, or an area’s needs. Both theories applied can lead to outcomes being considered equi-
table. Much, sometimes contradicting, literature exists on which factors should be used. For example, the

United States census data also defines a vulnerability index based on other socioeconomic factors.

Regarding health systems, we found it essential to consider non-spatial factors when discussing
spatial equity. Those need to be proxied by other means (e. g., distance or time) and then translated into
an equity goal. Furthermore, we found that there is always a balance between efficiency (of cost and other

resources) and equity in health systems.

We also found the WHQO'’s equity definition most suitable for our capstone. It provides a clear def-
inition and subsumes other ideas, like the equity needs approach or horizontal equity, into a single clear

definition. Thus, we oriented our study mainly on this definition.
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3 Methodology

In our capstone, we investigated how we can incorporate different equity measures to assess vac-
cine access based on Covid-19 historical data in the United States. Whitehead et al. (2019) identified that
“[fluture research should examine the impact of different measures of accessibility and need on the results
of spatial equity.” We, therefore, selected different sets of relevant socioeconomic and spatial factors from
publicly available datasets (3.1). We then processed the data collected to treat the missing values and
calculate a measure for vaccination assessment (3.2). Before running a model, we ran a correlation analysis
to reduce the number of features further. With a reduced feature set, we built a model to explain vaccina-
tion attainment using an index we developed (3.3). From the model built, we then used Shapley values to
extract the most significant socioeconomic and spatial factors driving equity of access (3.4). We then vali-
dated our model statistically and used a bottom-up approach to ensure we could infer meaningful insights
in census tract areas (3.5). We then calculated different equity metrics (Gini and Theil indices) to measure
the equity among tracts (3.6). Finally, we ran scenarios to assess the as-is situation in the United States
first and in Cambridge, MA, second and propose a more equitable solution by influencing the density of

medical facilities as the only (short-term) endogenous factor (3.7).

3.1 Data Collection and Modelling

A significant part of our methodology entailed selecting the best socioeconomic and spatial varia-
bles to calculate the equitability of a specific vaccine distribution network on a microscopic scale, i. e.,
towns or municipalities based on census tracts. We selected the data from the American Community Sur-
vey (ACS, 2017) and the Social Vulnerability Index (Centers for Disease Control and Prevention, 2020a) as
these two sources regroup all the needed socioeconomic factors based on the most recently conducted
surveys. Those publicly available datasets offer adequate socioeconomic information on county and tract

levels, which we used to distill the meaningful drivers for vaccination attainment. In addition to these two
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datasets, we used the ArcGIS Business Analyst to get the number of medical facilities and public transpor-
tation stops (Bureau of Transportation Statistics, 2023) in a census tract or county, respectively. We se-
lected medical facilities that were most likely to have administered COVID-19 shots based on their Stand-

ard Industrial Classification (SIC) codes:

Clinics,

=  Pharmacies,

=  Pharmaceutical kiosk,

= Pulmonary and respiratory diseases,
= Medical centers,

=  Preventive medicine,

= Hospitals,

= Health screening and vaccinations,

Allergy physicians.

However, vaccination attainment over time for COVID-19 vaccine data is publicly available only at
the county level (Centers for Disease Control and Prevention, 2023). We, therefore, needed to calibrate
our model based on county levels and assume that those factors relevant to the aggregated county level
have the same impact on individual tracts’ vaccination rates. As the dependent variable for our model, we
wanted to consider the highest vaccination rate a county achieved at some point in time and how long it

took to reach this level.

Therefore, considering those two factors, we built the vaccination attainment index, VAlc, for each
county (Equation 6). The index is calculated as the natural logarithm of the time in weeks it took to achieve

the maximum vaccination level (Equation 3) over the highest vaccination rate (Equation 2).
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C = Set of Counties c (1)

v, = maximum vaccination rate (i. e, percentage of people fully vaccinated) V¢ € C (2)

w, = weeks to reach the maximum vaccination rate v, Vc € C (3)

a=minw, — 1 (4)

b = maxw, (5)

VAL, =in—2%_% _vcec (6)
v (b—a)

We excluded all counties where the maximum vaccination rate was zero as outliers since we as-
sume that it is practically impossible that no vaccination took place over the last two years. The natural
logarithm was applied to reduce the strong skew of the data. Weeks to Max was scaled to achieve compa-
rable ranges between Weeks to Max and the max vaccination rate. The scaling was offset to avoid the
argument of the natural logarithm becoming zero. The vaccination attainment index measures the speed
required to attain the achieved vaccination rate. Our index indicates that a geographical region performs

better (higher vaccination rate in a shorter time) when the index is lower.

We then verified that the results obtained at the county level could be applicable at the tract level
by aggregating tract-level predictions to the respective counties and comparing them to the actual out-
comes (see section 3.5). This aggregation was performed by calculating the weighted average based on
the population of each tract within each county. It is essential to highlight that we assumed in our model
that the vaccination attainment is a result of only the selected socioeconomic and spatial factors: This
assumption implies, for instance, that site attractivity, availability of a particular vaccine brand, or vaccine
hesitancy only play a minor role in the equitability of vaccine access. We made this assumption because
(1) we wanted to see the effect of allocating the facilities on equity, keeping all other factors equal, and
(2) because it includes attitudinal factors, which are very hard to measure, and we did not have data readily

available.
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3.2 Data Processing

Once we compiled all the required data for our study, we processed the data into a format usable
in our model. We checked for potential outliers and missing values and dropped those rows as they did
not represent much of the dataset. It was crucial to be careful for two reasons. First, a technical one:
census data is sometimes masked to protect individuals’ identities. This masking is not apparent in all cases
and may lead to outcome bias. The main concern is when conducting the bottom-up analysis on tract-level

data since counties are large enough not to require masking.

Additionally, an ethical reason: we aimed to propose a consensual equity indicator, which can po-
tentially affect the well-being of thousands of people. Consequently, to measure the effectiveness of vac-
cination campaigns during COVID-19, we calculated an index that combines the percentage of vaccinated
people compared to the eligible ones and the time needed to attain this percentage. For the spatial factors,
we calculated the densities of medical facilities and public transportation stops based on each county’s

population and area. We then normalized all features of both datasets before proceeding.

3.3 Model selection

The datasets we selected provide significant insights into the socioeconomic and spatial aspects
of the individual geographic regions. However, we assumed that neither socioeconomic nor spatial fea-
tures individually could explain the accessibility of vaccines sufficiently. We tested our assumption by run-
ning a linear regression baseline model to explain the county-level vaccination attainment solely using the
unprocessed features. We could confirm our assumption by a poorly performing initial model with an R?

of 0.14.

Instead of using such a simple model, we expected a high level of interaction between the socio-
economic and spatial feature classes and engineered the interaction accordingly. We continued to engi-

neer interaction terms between the spatial and the socioeconomic features for better results. However,
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the explanatory power only improved slightly, resulting in an R? of 0.15. We, therefore, decided to consider
more advanced machine learning models: extreme gradient boosting (XGBoost). Chen and Guestrin (2016)
describe it as a state-of-the-art ensemble model using tree-boosting. XGBoost led us to an R? of 0.69 using
the raw features and performed considerably better than the linear baseline model in explaining the data’s

variance.
The main ideas behind XGBoost can be summarized as follows:

Gradient Boosting: XGBoost is an implementation of gradient boosting, a technique for optimizing
a differentiable loss function by iteratively fitting weak learners to the residuals of the previous learners.
The main idea is to minimize the loss function by updating the model with the sum of the predictions of
the weak learners. Gradient boosting calculates the gradients of the loss function concerning the predic-

tions of the previous learners and updates the model accordingly (Friedman, 2001).

Regularization: XGBoost incorporates regularization to control the complexity of the individual

decision trees and prevent overfitting. It uses both L1 (Lasso) and L2 (Ridge) regularization terms (Q(f ) =
yT + % Al|w||?) in the objective function, which penalizes the complexity of the trees, reducing overfitting

and improving the generalization of the model (T. Chen & Guestrin, 2016).

3.4 Feature selection and explainability using SHAP

Both primary datasets, the ACS and the SVI, have many features in common. We thus had to dis-
regard some of the features to avoid duplicates and ease achieving the explainability of our model. We,
therefore, need to make a pre-selection of potentially relevant factors. Researchers and practitioners can
use various methods to tackle multicollinearity, including eliminating highly correlated variables or using
dimensionality reduction techniques such as Principal Component Analysis (Gujarati & Porter, 2009, pp.
320-351). For selecting the relevant variables of the raw datasets, we decided first to eliminate highly

correlated variables based on their correlation coefficients (exceeding a threshold of 0.7). Eliminating
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highly correlated variables and addressing multicollinearity before modeling is an essential step in data
preprocessing, as it can improve model performance and interpretability (Dormann et al., 2013). These
techniques help reduce the risk of overfitting, enhance feature importance interpretation, and stabilize

model estimates.

After reducing the potential features to consider, we assessed the essential features against com-
mon sense to switch variables for others with a more intuitive meaning. For example, we added the num-
ber of transportation stops per medical facility and the density of medical facilities per area instead of
respectively the density of transportation stops per population and the population density as it is more
tailored for our study. This selection was made only on socioeconomic factors because we found that spa-
tial variables did not suffer from high correlation. Additionally, we restricted our selection to percentages

and densities only to maintain generalizability on tract data.

For further refining the selection, we needed to assess the importance of the features on our
model’s outcome. Since we switched from an easily explainable linear regression model to an XGBoost
model, an ensemble model, we cannot easily explain the importance of features nor their impact on the
outcome of a county or census tract. Thus, we use SHapley Additive exPlanations (SHAP) values to (1)
identify the most critical features driving equitable access to vaccines and (2) how they affect each tract,

helping us to identify those independent variables we need to adjust.

The main ideas behind SHAP can be summarized as follows:

Shapley Values: Shapley values are a way to distribute each player’s contributions in a cooperative
game fairly. They are derived from the marginal contributions of each player to all possible coalitions. The
Shapley value for each player is the average of their marginal contributions across all possible coalitions
(Shapley, 1953). Zhao et al. (2020) used SHAP values to decompose their study’s contribution factors to

inequity (see 2.1.2.1).
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Connection to Machine Learning: SHAP values connect Shapley values from cooperative game
theory to machine learning by considering each feature as a player in the game and the prediction as the
outcome. The SHAP value for each feature measures the average contribution of that feature toward the

prediction across all possible feature combinations (Lundberg & Lee, 2017).

Additivity: SHAP values are additive, meaning the sum of SHAP values for all features in a given
instance should equal the difference between the model’s prediction for that instance and the expected
prediction across all instances. This property makes SHAP values easily interpretable, providing a con-

sistent and locally accurate representation of the model’s behavior (Lundberg & Lee, 2017; Shapley, 1953).

Model Agnostic: SHAP is a model-agnostic method, which means it can be applied to explain the
output of any machine learning model, including linear models, tree-based models, and deep learning
models. The method can be adapted to different models by computing each feature’s marginal contribu-

tions in the context of that specific model (Lundberg & Lee, 2017).

KernelExplainer and TreeExplainer: The SHAP library provides multiple explainers for different
types of models. The KernelExplainer approximates the SHAP values using a weighted linear regression
and is suitable for any model. The TreeExplainer is explicitly designed for tree-based models, such as deci-
sion trees, random forests, and gradient boosting machines (including XGBoost), and computes exact SHAP
values for these models more efficiently (Lundberg & Lee, 2017). We thus used TreeExplainer in our model

since it is the only suitable approach for the XGBoost model we used.

After defining the main features impacting vaccination attainment, we studied the top 10 interac-
tions based on the SHAP values. We calculated the following correlation coefficients to study these inter-
actions: Pearson, Kendall’s Tau, and Spearman. Pearson, Kendall’s Tau, and Spearman coefficients are all
correlation coefficients used to measure the strength and direction of a relationship between two varia-

bles.
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The Pearson Correlation Coefficient measures the linear relationship between two continuous var-
iables, with values ranging from -1 (perfect negative correlation) to 1 (perfect positive correlation) (Chok,
2010). Kendall’s Tau and Spearman’s rank correlation coefficients are non-parametric measures of associ-

ation based on the ordinal ranking of data points (Chok, 2010).

Kendall’s Tau measures the similarity of the orderings of two variables, while Spearman’s rank
correlation measures the strength and direction of the relationship between two ranked variables. Ken-
dall’s Tau and Spearman’s coefficients range from -1 to 1, with -1 indicating a perfect negative correlation
and 1 indicating a perfect positive correlation (Chok, 2010). These coefficients offer different perspectives
on the relationships between variables, with Pearson being most appropriate for linear relationships and

Kendall’s Tau and Spearman being more robust for non-linear or non-parametric relationships.

The final selection of parameters for the proposed consensual equity measure was derived from
the selected features running the correlation and SHAP analysis. In Table 4, we show the remaining fea-

tures:

Table 4:
Remaining features after feature selection

Factor type Subgroup Remaining Feature Variable Name in the model

Demographic  Age Percentage of persons aged 65 % Persons aged 65 and older
and older estimate
Percentage of persons aged 17 % Persons aged 17 and younger
and younger estimate

Gender Percentage of persons Male % Male

Social Ethnicity ~ Percentage of American Indian % American Indian and Alaska Native
and Alaska Native Alone persons Alone
Percentage of Black or African % Black or African American Alone
American Alone persons
Percentage of Asian Alone per- % Asian
sons
Percentage of persons with Two % Two or more races
or More Races

Economic Occupa- Percentage Population 16 Years % in Labor Force
tion and Over in Labor Force
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Factor type Subgroup Remaining Feature Variable Name in the model
Mobility Percentage of households with % Households with no vehicle availa-
no vehicle available estimate ble
Percentage of Workers 16 Years % commute walking
and Over that Walk to Work
Percentage Workers 16 Years % commute w/ motorcycle
and Over that use Motorcycle
for transport
Percentage Workers 16 Years % commute w/ car, truck, or van
and Over that use Car, Truck, or
Van for transport
Average time to commute to average commute (in min)
Work (in minutes)
Housing Percentage of occupied housing % more people than rooms
units with more people than
rooms estimate
Percentage of mobile homes es- % Mobile homes estimate
timate
Geographic / Rurality Percentage of housing in struc- % Housing in structures with 10 or
Environment tures with ten or more units es- more units
timate
Facility The density of Medical Facilities Density Medical Facilities per Area
Access per Area
Not attractive
Other Health Percentage of persons without % w/o health insurance
Status Health Insurance Coverage
Percentage of persons with Pri- % with private health insurance
vate Health Insurance Coverage
Education Percentage of persons (age 5+) % Persons who speak English 'less

who speak English "less than
well."

than well

Note. Compiled by the authors. Copyright 2023 by the authors.
3.5 Model validation

After selecting the best features, we trained the model on county-level data based on the prepro-
cessed data. To validate our model, we proceeded with a double-validation approach. The first is statisti-
cal, splitting the data on training and testing using a cross-validation technique to ensure our model is
neither over- nor underfitting. In cross-validation, folds refer to the number of equally sized subsets into

which the dataset is divided. By dividing the dataset into folds, the model can be trained on different
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subsets of the data and then tested on the remaining unseen portion. The second is geographical, by con-
solidating the data on the tract level and seeing whether the results match the calculation obtained on the

county level.

First, we calculated different metrics: Mean Average Error (MAE) and Mean Squared Error (MSE),
to evaluate the fit of our model and its ability to explain the variability in our dataset. From the tracts, we
consolidate our prediction to the county level to validate that our model predicts well the As-Is situation
on the disaggregated level since we only have county data available. The predicted index was aggregated

using the weighted average by populations of the tracts within the county.

3.6 Equity calculation

We initially aimed to assess vaccine access equity based on our model’s prediction for census
tracts. Our central assumption was that if we remove all the effects of the spatial factors from the out-
come, we get the effect socioeconomic factors have on the outcome. According to the WHO equity defi-
nition, we propose that the outcome based solely on socioeconomic factors should be equal (see ). We

could then apply the equity measures introduced earlier based on the outcome.

However, we could not remove spatial factor effects numerically because we shifted to a non-
linear XGBoost-model, and the result of the SHAP analysis showed that depending on the county or census
tract, the effects of those variables vary. The individual SHAP force plots on the tract level highlight the
drivers for the vaccination attainment index; spatial and socioeconomic factors significantly contribute to

the vaccination attainment index.

While only used in one paper subject to Whitehead et al. (2019), we think it could be helpful for

our study to use the Theil index. This index is considered a better tool for analyzing regional inequalities
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than other indicators because it can also report inequalities between and within different population sub-
groups (Jin et al., 2022). We, therefore, decided to focus on using both the Gini and the Theil index and

calculated their values based on the As-Is situation in the United States.

3.7 Scenario analysis on the United States and Cambridge, MA

Finally, we conducted a scenario analysis to analyze the impact of different strategies for increas-
ing the density of medical facilities on vaccination rates. For all our scenarios, on the entire United States
and Cambridge, MA, we considered the density of medical facilities as the only endogenous variable we
can influence to impact the equity of vaccine distribution. The first scenario involved a uniform increase in
medical facilities across all tracts in the United States, while the second and third scenarios involved in-
creasing medical facilities proportionally to population density and average commute time, respectively.
These scenarios were then applied on a smaller scale, focusing on tracts within Cambridge, MA. The results
of these scenarios were analyzed in terms of their effects on the Gini and the Theil index. Based on Theil
contributions calculated on the tracts within Cambridge, MA, we clustered the tracts using the K-means

and Elbow method.

The K-means algorithm is a clustering method used to partition a dataset into K distinct, non-over-
lapping clusters based on the similarity of their features. As an unsupervised machine learning algorithm,
it works iteratively to assign each data point to one of the K groups based on the features provided (Cui,
2020). The algorithm tries to make the intra-cluster points as similar as possible while keeping the clusters
as different (far) as possible. For each cluster, the algorithm places data points so that the sum of their
squared distances from the centroid (the arithmetic mean of all the points in that cluster) is minimal (Na-
inggolan et al., 2019). In addition to K-means, we used the E/lbow method to determine the optimal num-
ber of clusters. The Elbow method is a heuristic used to determine the optimal number of clusters in a
dataset. It involves running the K-means algorithm for a range of K values and plotting the total within-

cluster variation or the sum of squared distances between the data points and their respective cluster
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centroids against the number of clusters (K) (Nainggolan et al., 2019). As the number of clusters increases,
the within-cluster variation will decrease since data points will be closer to their respective centroids. An
elbow point can be identified by visually inspecting the resulting plot where the decrease in within-cluster

variation slows.

To summarize, the K-means algorithm is used for clustering data points into distinct groups based
on their features, while the Elbow method helps to estimate the optimal number of clusters to use in the
K-means algorithm by examining the within-cluster variation as a function of the number of clusters. We
performed the clustering step to identify the similarities between the tracts in small scopes contributing

to inequity in vaccine attainment.
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4 Results

After having looked at how equity can be defined (2.1) and how to apply those definitions in the
health sector (2.2), we looked at vaccine distribution in particular (2.3). We continued to discuss the meth-
odology we used to derive a suitable equity measure in chapter 3. In this chapter, we analyze the situation
on the county level and distill the meaningful features from the data collected (4.1). We then use those
features to create a model to predict the vaccination attainment index created and validate it (4.2). Based
on the model, we then evaluate the equity measures discussed (4.3). Using those measures, we conduct
a scenario analysis, showing the effect of tweaking features to improve equity (4.4) and conclude with a

Cambridge, MA, case study (4.5).

All models and data can be accessed on the Humanitarian Supply Chain Lab GitHub:

https://github.com/MIT-HSCL/VaxEquity

4.1 Results at the county level

This study aimed to identify the most relevant spatial and socioeconomic factors influencing vac-
cine distribution equity at the county level in the United States. We started by calculating an index repre-
senting the vaccine distribution pace, which was obtained by dividing the number of weeks it needs to
attain the maximum percentage of people vaccinated by the maximum percentage and then taking the
natural logarithm of the resulting number (see also 3.1). We excluded the Hawaii and Alaska counties for
consistency in our analysis because these two states are geographically isolated from the contiguous
United States and have distinct demographic and economic characteristics compared to the other states.
This simplified the analysis focused on the contiguous states, which share more similarities regarding ge-

ography, demographics, and economic structure.
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4.1.1 Disparities on the county level

For the entire United States, we calculated a Gini index of 0.27 at the county level on the vaccina-
tion attainment index, indicating that while there is not extreme inequality in vaccine distribution, dispar-
ities still exist between counties. Generally, if the Gini-Index is far below 0.5, a distribution is considered
equitable (0 is considered perfect equity, and 1 indicates the highest degree of inequity). These disparities
could be driven by differences in access to healthcare services, socioeconomic conditions, transportation

infrastructure, and local policies affecting vaccination efforts.

4.1.2 Relevant factors

Using the SHAP method in combination with the XGBoost model, we analyzed various features
and their impact on this index. This analysis identified several key factors influencing vaccination attain-
ment, including racial and ethnic attributes, health insurance coverage, language proficiency, and trans-
portation access. In the following sections, we provide a qualitative analysis of these factors, examining
the underlying reasons for their significance. Table 5 shows all the features ranked by their importance

according to the weighted absolute SHAP values.
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Table 5:
Feature importance according to SHAP

feature importance feature importance
1|2 American Indian and Alaska Native Alone 26|% daytime population I 1.67E-02
2 |% wyo health insurance | s.03E02 27|% Single-parent households B 1.65E-02
3|% Persons who speak English 'less than well' [ESee-02 28|% household income between 75 to 100 (k USD) B 142E-02
4% with private health insurance SIS 0E-02 29|% unemployed I 1.386-02
5|% commute walking SR 8E-02 30|Gini Index I 132602
6/% Male ISb1E-02 31|% in armed forces 1.24E-02
7|% Black or African American Alone aloaE-02 32|% of Housing cost-burdened occcupied housing units 1.23E-02
8|% Housing in structures with 10 or more units 3 s0E-02 33|% adult population 1.19E-02
9| Density Medical Facilities per Area 5 56E-02 34|% disabled 1.12E-02
10|3% Persons aged 65 and older e 426-02 35|% commute w/ bicycle 1.01E-02
11|% commute w) motorcycle % 20E-02 36|Density Medical Facilities per Population 9.77E-03
12|% commute wy car, truck, or van -2.13E—02 37|% Some other race, not Hispanic or Latino persons 9.30E-03
13|average commute [in min) 2 10E-02 38|% commute other means 7.67E-03
14|% Persons aged 17 and younger -Z.DEE—OZ 39| Density Transportation Stops per Area 5.52E-03
15|% Households with no vehicle available > 0aE-02 40|5tops per Facility 3.01E-03
16|% more people than rooms 2 03E-02 41|Flag - Theme Housing Type/ Transportation 2 36E-03
17|% Mohile homes estimate 2 01E-02 42 |Flag - Theme Household Characteristics 6.21E-04
18|% Asian [ > ooE-02 43|Flag - persons with no high school diploma 5.93E-04
19|% Two or more races -1.‘38E—02 44|Unemployment Rate 3.73E-04
20|3% in Labor Force [ 1 s0E-02 45|% of persons below 150% poverty 2 46E-04
21|% household income between 50 to 75 [k USD) [ 1 59E-02 46|Flag - Households with no vehicle available 0.00E+00
22|% commute wy carpooling [ 1.57E-02 47 |Flag - single-parent households 0.00E+00
23|% household income between 25 to 50 (k USD) [ 1 76E-02 48 |Flag - Persons aged 17 and younger 0.00E+00
24|% Persons in group quarters I 1.756-02 49|Flag - Housing cost-burdened eccupied housing units 0.00E+00
25|% commute wy public transport [ 1.74E-02

To focus on the most impactful variables in the model, we limited the selection to the 20 most
important features, ranking them according to their SHAP-scores. This approach streamlines the analysis,
allowing us to concentrate on the key drivers of the target variable, ensuring a more efficient and inter-
pretable examination of the problem at hand. Including additional features beyond the top 20 would likely
have minimal impact on the overall analysis, reinforcing our decision to focus on the most influential var-
iables. Additionally, the reduction simplifies the model for decision-makers and enables them to use our

findings more effectively in their policy and planning efforts.

As shown in, all the features contribute almost equally to vaccination attainment. An exception is
the “percentage of American Indian and Alaska Native Alone persons” and “percentage of persons without

Health Insurance Coverage features,” which are significantly more meaningful.
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Figure 1:
Most important 20 features driving vaccine access
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4.1.2.1 Important Socioeconomic groups influencing vaccine access equity

In the following section, we provide some interpretation of the meaning and importance of each
of the most influential 20 factors:
Percentage of American Indian and Alaska native alone population: Historically, American Indian

and Alaska Native populations have faced disparities in access to healthcare services, including vaccina-

tions. Inadequate healthcare infrastructure, cultural barriers, and higher poverty rates influence these dis-

parities (Adakai, 2018).
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Percentage of persons without health insurance coverage: Due to costs or other associated bar-
riers, individuals without health insurance are less likely to access healthcare services, including vaccina-

tions.

Percentage of persons (age 5+) who speak English “less than well”: Language barriers can nega-
tively impact access to healthcare, including vaccinations. In areas with higher percentages of individuals
with limited English proficiency, developing language-appropriate resources and educational materials is

crucial to ensure equitable access to vaccination services.

Percentage of persons with private health insurance coverage: Private health insurance generally

improves access to healthcare services (Arnett et al., 2019), including vaccinations.

Percentage of workers 16 years and over that walk to work: Transportation access is a significant
factor in determining an individual’s ability to access vaccination services. Transportation barriers may

hinder equitable vaccine access in areas with more workers walking to work.

Percentage of the male population: Gender can play a role in healthcare access, including vac-

cination, through various mechanisms influenced by cultural, social, and economic factors.

Percentage of Black or African Americans alone: Similar to American Indian and Alaska Native
populations, Black or African American populations have also historically faced disparities in healthcare
services, including vaccinations. These disparities can result from systemic racism, lack of access to quality

healthcare, and cultural barriers (Byrd & Clayton, 1992).

Percentage of housing in structures with ten or more units estimate: In more urbanized areas
with a higher percentage of multi-unit housing structures, access to healthcare services may be better due
to the proximity of medical facilities. However, urban areas may also face overcrowding, which can impact

the equitable distribution of vaccines.
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Percentage of persons aged 65 and older estimate: Older adults are often more vulnerable to
infectious diseases and may require prioritization in vaccination campaigns. Areas with higher percentages
of older adults may need additional resources and targeted outreach to ensure equitable vaccine access

for this population.

In summary, the socioeconomic features analysis highlights the importance of race, health insur-
ance coverage, language proficiency, and gender in shaping equitable vaccine access. These factors em-
phasize the need to address disparities and barriers different populations face to ensure equal access to

vaccination services.

4.1.2.2 Spatial Factors
The following section discusses the importance of the most meaningful spatial features that influ-

ence vaccine access.

The density of medical facilities per area: A higher density of medical facilities within a given area
can lead to more accessible healthcare services, including vaccinations. However, ensuring adequate staff-
ing and resources to meet the population’s needs in areas with higher facility density is crucial. Overcrowd-

ing and long waiting times can result from insufficient capacity at medical facilities.

The average commute to work: Longer commute times can impact individuals’ access to
healthcare services like vaccinations. A long commute may mean less time and flexibility to schedule vac-
cination appointments, especially if working hours are inflexible. Policymakers could consider extending
clinic hours, establishing mobile vaccination clinics, or partnering with employers to provide on-site vac-

cination services.

The density of medical facilities per population: Higher density of medical facilities indicates a
better potential for healthcare access, including vaccinations. However, it is essential to consider factors

such as transportation, cultural barriers, and socioeconomic factors that may influence the utilization of
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these facilities. For example, a densely populated urban area with numerous medical facilities may face
challenges in achieving equitable vaccine distribution if public transportation is inadequate or if specific

population subgroups face language barriers.

The density of transportation stops per area: Areas with higher transportation stops can facilitate
more accessible healthcare services by providing convenient transportation options to reach vaccination
sites. Public transportation is critical in ensuring equitable access to healthcare services, particularly for
low-income populations or those with limited personal transportation options. Policymakers should con-
sider expanding public transportation and ensuring it connects communities to vaccination sites effectively

To improve vaccine distribution equity.

The number of transportation stops per medical facility: More transportation stops per medical
facility can improve access to healthcare services, including vaccinations, by making it easier for individuals
to reach these facilities using public transportation. This metric can help identify areas where transporta-
tion options are limited, which can inform targeted interventions to improve transportation access. Poli-
cymakers could consider increasing the number of transportation stops near medical facilities or providing

shuttle services to bridge gaps in transportation access.

Transportation modes and preferences: Different transportation modes and preferences can in-
fluence an individual’s ability to access vaccination services. Understanding how these preferences inter-
act with each other and the local environment can provide valuable insights for policymakers to improve

vaccine distribution equity.

Walk to work: In areas where walking is a more common mode of transportation, it is essential to
consider the walkability of neighborhoods and the accessibility of vaccination sites. Ensuring vaccination
sites are within walking distance of residential areas or creating safe walking routes can help increase

access to vaccination services for those who primarily walk to work.
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Motorcycle for transport: Motorcycle use as a primary mode of transportation may indicate lim-
ited access to public transportation or a preference for personal transportation options. Policymakers
should consider road safety, parking availability, and access to vaccination sites to ensure that individuals

using motorcycles can easily access vaccination services.

Car, truck, or van for transport: In areas where private vehicle use is more common, ensuring
adequate parking near vaccination sites and providing clear directions can help improve access to vaccina-
tion services. Drive-through vaccination clinics can also be considered as they facilitate quick and conven-

ient access to vaccines for individuals with personal transportation.

Carpooled for transport: Carpooling can indicate a reliance on shared transportation options,
which may present challenges for individuals seeking vaccination services. Policymakers should consider
coordinating with employers to provide on-site vaccination clinics or offering incentives for carpooling to

vaccination sites to accommodate the needs of carpoolers.

Public transportation: In areas with higher public transportation usage, it is crucial to effectively
ensure that public transit routes connect communities to vaccination sites. Expanding public transporta-
tion options or adjusting schedules to match vaccination clinic hours can help improve access to vaccina-

tion services for those who rely on public transportation.

4.1.3 Feature interactions

By exploring the socioeconomic and spatial dimensions of vaccine distribution equity, we can un-
derstand various communities’ challenges and develop targeted interventions to address these challenges

effectively.

As we continue to analyze the spatial features, we must recognize that an interaction between

socioeconomic and spatial factors may exist. For instance, the density of medical facilities, transportation
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infrastructure, or commute times may affect rich and poor people differently. Since the XGBoost model is

tree-based, it can identify those interactions independently.

After determining the relevant features, we used SHAP interactions to identify the most important
interaction effects on the model’s predictions between pairs of features. The interaction effect between
two features is the additional contribution that arises when both features are present together beyond
their individual effects. SHAP interaction values help identify which pairs of features significantly impact
the model’s predictions when they interact. Besides, we calculated the Pearson correlation coefficient for
the top interacting feature pairs to evaluate the strength and direction of the linear relationship between
those features and Spearman’s rank correlation and Kendall’s tau coefficients to capture the non-linear

relationships.
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4.1.3.1 Interaction terms
We discuss the top ten interactions in the following section, following the approach discussed in

section 3.4.

Interaction 1 (Figure 2): Percentage No. Health Insurance Coverage and Percentage of mobile

homes estimate, coefficients: Pearson (0.36), Spearman (0.44), Kendall’s tau (0.30).

Figure 2:
Percentage No. Health Insurance Coverage and Percentage of mobile homes estimate
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Note. The graph shows a scatterplot between the two variables “% w/o health insurance” (x-axis) and
“percentage of mobile homes” (left y-axis). The values on both axes represent the normalized feature val-
ues, thus negative values or values exceeding 100% can appear. The color indicates the impact (based on
the SHAP-value) on the target variable (vaccination attainment index), and the legend can be found on the
right-hand side. A blue color indicates that it impacts the target negatively, i. e., better vaccination attain-
ment, while a red color indicates a positive impact on the vaccination attainment index (“red is bad”). The
grey histogram on the bottom shows the distribution of the x-values. If, like here, colors cannot be clearly
separated, it indicates an interaction between those two variables. Tree-based models like XGBoost con-
sider those interactions. The SHAP-module automatically selects the most interesting interaction for a given
feature.

This interaction shows a positive relationship between the percentage of individuals without
health insurance coverage and the percentage of mobile homes in an area. It indicates that areas with
more mobile homes tend to have more people without health insurance coverage. Mobile home commu-

nities may face unique challenges in accessing healthcare services due to their transient nature, limited
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resources, or lack of infrastructure. The higher Spearman and Kendall’s tau coefficients suggest that the

relationship is not entirely linear and is more accurately captured by rank correlations.

Interaction 2 (Figure 3): Percentage of persons with Two or More Races and percentage of persons

without Health Insurance Coverage, coefficients: Pearson (0.31), Spearman (0.20), Kendall’s tau (0.14).

Figure 3:
Interaction Percentage of persons with Two or More Races and percentage of persons without Health In-
surance Coverage
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This interaction reveals a positive relationship between the percentage of persons of two or more
races and those without health insurance coverage. This finding suggests that mixed-race populations may
experience higher healthcare access challenges or face unique barriers in obtaining health insurance cov-
erage. The lower Spearman and Kendall’s tau coefficients indicate that the relationship may not be as

strong as the Pearson coefficient suggests.
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Interaction 3 (Figure 4): Percentage of American Indian and Alaska Native Alone and percentage
of Workers 16 Years and Over, using a Car, Truck, or Van to go to work, coefficients: Pearson (-0.08), Spear-

man (-0.19), Kendall’s tau (-0.13).

Figure 4:
Interaction Percentage of American Indian and Alaska Native Alone and percentage of Workers 16 Years
and Over, using a Car, Truck, or Van to go to work
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This interaction shows a weak negative relationship between the percentage of American Indian
and Alaska Native Alone individuals and workers using a car, truck, or van for their daily commute. It could
imply that American Indian and Alaska Native communities may rely more on other modes of transporta-
tion, such as walking or public transit, or face transportation challenges that impact their ability to access
healthcare services, including vaccination. The weak negative correlation suggests this relationship is

weaker than other interactions.
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Interaction 4 (Figure 5): Percentage of persons without Health Insurance Coverage and Percentage
of persons (age 5+) who speak English “less than well” estimate, coefficients: Pearson (0.33), Spearman

(0.26), Kendall’s tau (0.18).

Figure 5:

Interaction Percentage of persons without Health Insurance Coverage and Percentage of persons (age 5+)
who speak English “less than well”
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This interaction indicates a positive relationship between the percentage of persons without
health insurance coverage and those who speak English “less than well.” It suggests that language barriers
can significantly impact healthcare access and contribute to a higher rate of people without health insur-
ance coverage. Limited English proficiency may make it difficult for individuals to navigate healthcare sys-
tems, understand health insurance options, and access vaccination services. The lower Spearman and Ken-

dall’s tau coefficients indicate that the relationship may not be linear.
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Interaction 5 (Figure 6): Percentage of persons without Health Insurance Coverage and percentage

of Black or African American Alone, coefficients: Pearson (0.15), Spearman (0.17), Kendall’s tau (0.11).

Figure 6:
Interaction Percentage of persons without Health Insurance Coverage and percentage of Black or African
American Alone
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This interaction shows a weak positive relationship between the percentage of persons without
health insurance coverage and the percentage of Black or African American Alone individuals. This finding
implies that Black or African American communities may face unique challenges in accessing healthcare
services, including obtaining health insurance coverage. The weak correlation coefficients suggest that the

relationship is not as strong or direct as other interactions.
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Interaction 6 (Figure 7): Percentage of American Indians and Alaska Native Alone and the Percent-

age of persons aged 17 and younger estimate, coefficients: Pearson (0.28), Spearman (0.10), Kendall’s tau

(0.07).

Figure 7:

Interaction Percentage of American Indians and Alaska Native Alone and the Percentage of persons aged

17 and younger
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This interaction reveals a positive relationship between the percentage of American Indian and

Alaska Native Alone individuals and the percentage of persons aged 17 and younger. The positive correla-

tion indicates that areas with a higher percentage of American Indian and Alaska Native Alone individuals

may have a higher proportion of young people. However, the lower Spearman and Kendall’s tau coeffi-

cients suggest that the relationship is not as consistent as the Pearson coefficient implies.
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Interaction 7 (Figure 8): Percentage of American Indian and Alaska Native Alone and percentage
of Workers 16 Years and Over who walk to work, coefficients: Pearson (0.14), Spearman (0.18), Kendall’s

tau (0.12).

Figure 8:
Interaction Percentage of American Indian and Alaska Native Alone and percentage of Workers 16 Years
and over who walk to work
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This interaction demonstrates a weak positive relationship between the percentage of American
Indian and Alaska Native Alone individuals and the percentage of workers who walk to work. It suggests
that these communities may be more likely to use walking as a mode of transportation. The weak correla-

tion coefficients imply that this relationship is not as strong or direct as other interactions.
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Interaction 8 (Figure 9): Percentage of American Indians and Alaska Native Alone and percentage

of people with Private Health Insurance, coefficients: Pearson (0.14), Spearman (0.18), Kendall’s tau (0.12).

Figure 9:

Interaction percentage of American Indians and Alaska Natives alone and percentage of people with pri-

vate health insurance
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This interaction shows a negative relationship between the percentage of American Indian and

Alaska Native Alone individuals and the percentage of people with private health insurance. This finding

suggests that American Indian and Alaska Native communities may face challenges obtaining private

health insurance, which could impact their healthcare access, including vaccination services. However, the

low Spearman and Kendall’s tau coefficients indicate that the relationship may not be as consistent as the

Pearson coefficient suggests.
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Interaction 9 (Figure 10): Percentage of persons without Health Insurance Coverage and Percent-
age of housing in structures with ten or more units estimate, coefficients: Pearson (-0.17), Spearman (-

0.27), Kendall’s tau (-0.19).

Figure 10:
Interaction Percentage of persons without Health Insurance Coverage and Percentage of housing in struc-
tures with ten or more units
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This interaction indicates a weak negative relationship between the percentage of persons with-
out health insurance coverage and the percentage of housing in structures with ten or more units. It sug-
gests that areas with larger housing structures may have fewer people without health insurance coverage.
This relationship could be attributed to differences in socioeconomic factors, such as income levels, affect-
ing housing choices and health insurance coverage. The higher Spearman and Kendall’s tau coefficients

imply that rank correlations might better capture the relationship.
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Interaction 10 (Figure 11): Percentage of persons without Health Insurance Coverage and percent-
age of persons with Private Health Insurance, coefficients: Pearson (-0.59), Spearman (-0.58), Kendall’s tau

(-0.41).

Figure 11:
Interaction Percentage of persons without Health Insurance Coverage and percentage of persons with
Private Health Insurance
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This interaction shows a strong negative relationship between the percentage of persons without
health insurance coverage and those with private health insurance. This finding is expected, as an increase
in private health insurance coverage would lead to fewer individuals without health insurance coverage.
The strong negative correlation coefficients across Pearson, Spearman, and Kendall’s tau indicate a con-

sistent and monotonic relationship.

4.1.3.2 Interaction themes
The top 10 interactions identified using SHAP values highlight the complex relationships between
socioeconomic factors and their impact on vaccination rates. Key themes include health insurance cover-

age and the unique challenges faced by American Indian and Alaska Native Alone populations.
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Health insurance coverage: Interactions 1, 2, 4, 5, 9, and 10 involve the percentage of persons
without health insurance coverage. These interactions highlight healthcare access and affordability dispar-
ities, which can significantly impact vaccination rates. Individuals without health insurance might face fi-
nancial barriers to accessing vaccination services or be more hesitant to seek healthcare due to cost con-

cerns.

Interactions 1, 9, and 10 involve the relationship between health insurance coverage and mobile
homes, housing structures, and private health insurance, respectively. These interactions emphasize the
disparities in healthcare access and affordability. Communities with a higher proportion of mobile homes
or housing structures with ten or more units might face unique challenges in accessing healthcare services,

including vaccinations.

Interactions 2, 4, and 5 reveal that mixed-race, non-English speaking populations and Black or Af-
rican American populations may face unique challenges in accessing healthcare services. These interac-
tions emphasize the importance of addressing racial, ethnic, and linguistic disparities to improve vaccina-

tion rates.

American Indian and Alaska native alone population: Interactions 3, 6, 7, and 8 involve the per-
centage of American Indian and Alaska Native Alone persons. These interactions highlight how this partic-

ular population may face unique challenges in accessing healthcare services, including vaccination.

Interactions 3 and 7 suggest that transportation options may be limited in communities with
higher percentages of American Indian and Alaska Native Alone persons, impacting their access to vac-

cination services.

Interaction 6 reveals that American Indian and Alaska Native Alone communities may have higher

proportions of younger individuals with unique vaccination needs and healthcare access challenges.
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Interaction 8 highlights a negative correlation between the percentage of American Indian and
Alaska Native Alone persons and the percentage of people with private health insurance, suggesting that
these communities may face disparities in healthcare access and affordability, influencing vaccination

rates.

In summary, our understanding of these complex interactions and our analysis of both spatial and
socioeconomic features has revealed the importance of factors such as race, health insurance coverage,
language proficiency, gender, transportation infrastructure, commute times, and the density of medical
facilities in shaping equitable access to vaccine distribution. The interplay between these socioeconomic
and spatial dimensions highlights the complex nature of vaccine distribution equity and the need to ad-
dress disparities and barriers different population groups face. As we move forward, these identified fea-

tures serve as valuable predictors for modeling the vaccination attainment index on the tract level.

By incorporating these insights and understanding the relationships between these factors, we
developed a more accurate and robust predictive model that can help policymakers and public health
officials identify areas needing targeted interventions and work towards achieving better equity in vaccine

distribution.

4.2 Model Validation on county and tract levels

After selecting the relevant features using SHAP, the model was trained at the county level using
these selected features to predict the vaccination attainment index at the tract level. This approach aimed
to identify the most critical factors contributing to the vaccination attainment index and to develop a more
accurate and robust predictive model. Our cross-validation technic on the model demonstrated that we
have a stable model based on MSE and MAE metrics across the folds, i. e., validation runs (see 3.5), as

shown in Figure 12 and Figure 13 below:
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Figure 12:

Mean Absolute Error in the county cross-validation
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Figure 13:
Mean Squared Error in the county cross-validation
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Once the model was trained, it was applied to predict the vaccination attainment index for each
tract. The predicted index values were aggregated using a weighted average based on the population of
each tract to evaluate the model’s performance at the county level. This approach ensures that tracts with

larger populations contribute more to the aggregated county-level index, thus providing a more repre-

Fold

sentative assessment of the vaccination attainment index within each county.
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The predicted county-level vaccination attainment index was then compared to the actual index
to assess the model’s accuracy and performance. Three evaluation metrics were used to quantify the
model’s performance: Mean Absolute Error (MAE), Mean Squared Error (MSE), and Root Mean Squared

Error (RMSE).

Table 6:
Overview of model valuation metrics

Metric Value | Interpretation

MAE 0.37 This metric represents the average absolute difference between the predicted
and actual index values. The lower the MAE, the better the model’s performance.
An MAE of 0.37 indicates a moderate level of accuracy in the model’s predictions
considering the range of 1.61 (min: -1.59, max: 0.02) of the vaccination attain-

ment index.

MSE 0.21 MSE of 0.21 indicates that the average squared difference between the predicted
and actual index values is relatively low, suggesting that the model has a moder-
ate level of accuracy in predicting the vaccination attainment index at the county
level. However, it is essential to note that the MSE is sensitive to outliers, and

more significant errors will significantly impact this metric.

RMSE 0.46 This metric is the square root of the MSE and represents the standard deviation
of the residuals (prediction errors). The RMSE is more interpretable than the MSE,
as it has the same unit as the dependent variable. An RMSE of 0.46 indicates a
moderate level of accuracy in the model’s predictions considering the range of

1.61 (min: -1.59, max: 0.02) of the vaccination attainment index.

Note. Compiled by the authors. Copyright 2023 by the authors.

These evaluation metrics reveal that the model reasonably approximates the vaccination attain-

ment index at the tract level, although there is room for improvement. The selected features and their
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SHAP importance values played a crucial role in the model’s performance. By refining the model and in-
corporating more relevant features or optimizing the model’s parameters, it may be possible to improve
the accuracy of the predictions further and better understand the factors driving the vaccination attain-

ment index.

4.3 Equity indices and their performance

In our study, the Gini index for vaccination at the county level is 0.27, and at the tract level, it is
0.15. The higher Gini index at the county level indicates a greater degree of inequality in vaccination dis-
tribution compared to the tract level. Our results show larger disparities between counties than within

counties (across tracts).

The lower Gini index at the tract level, as seen on the Lorenz curve in Figure 14, may indicate that
the variation of vaccination attainment is smaller within individual counties. However, the disparities be-
come more pronounced in the entire population across counties. A Theil index of 0.13 on the county level

confirmed this, while on the tract level, we obtained 0.04.
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Figure 14:
The Gini index on all United States tracts
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Note. The Lorenz curve (blue curve) in this graph represents the distribution of our vaccination attainment
index in all the tracts. The 45-degree line (orange line), also known as the line of equality, depicts perfect
equality where each percentage of the tracts attains the same level of vaccination attainment index. The
farther the Lorenz curve bows away from this line, the greater the inequality.

By analyzing the Gini Index and the Theil Index values alongside real-world examples from the
United States, we can understand how the previously discussed factors might influence the disparities in

vaccination distribution:

Health insurance coverage: In states like Texas, which has one of the highest uninsured rates in

the nation, limited access to healthcare might hinder vaccination rates. The higher Gini Index value at the
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county level indicates that the disparity in vaccination rates between different counties may be linked to

the variation in health insurance coverage in each county.

American Indian and Alaska native alone population: Regions with higher concentrations of
American Indian and Alaska Native Alone populations, such as parts of Arizona and the Dakotas, face
unique healthcare access and affordability challenges. The difference in Gini Index values between county
and tract levels implies that these challenges might be more pronounced at the broader geographic scale

(county) than within the smaller, localized areas (tract).

Transportation options: In rural communities, transportation options may be limited, making it
difficult for residents to access vaccination services. For example, rural counties in states like Montana or
Wyoming might experience more significant disparities in vaccination rates compared to more urbanized
counties. The higher Gini Index value at the county level suggests this factor might significantly contribute

to the disparities between different counties.

The disparities in vaccination distribution across counties and tracts in the United States reflect
the complex interactions between socioeconomic and spatial factors. By examining real-world examples
and the Gini Index values for the vaccination attainment index, we can better understand the factors driv-

ing these disparities and devise strategies to address them.

Comparing the Gini and Theil Index values for the vaccination data, both indices show a similar
trend: greater inequality exists between counties than within tracts. However, it is crucial to consider that
the Gini Index reacts stronger to changes in the center of the data than at the tails, whereas the Theil Index

is sensitive to changes across the entire distribution (Gastwirth, 2017).

In the context of vaccination distribution, the Gini Index may better capture disparities caused by

health insurance coverage and racial/ ethnic disparities, which are more prevalent in the middle of the
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distribution. On the other hand, the Theil Index could better capture disparities resulting from extreme

values, such as isolated rural communities with poor access to healthcare services.

4.4 Scenario analysis on all the tracts of the United States

When looking at all the tracts in the United States, we can cluster them according to their contri-

bution to the Theil index. Looking at Figure 15, we can see the contribution of the top 10 tracts to inequity.

Figure 15:
Top ten tracts contributing to inequality measured through the Theil index
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However, to better understand the behavior of all more than 70’000 tracts, we clustered them
based on the Theil contributions in four clusters using the K-means and Elbow method discussed in the
methodology section. As shown in Figure 16, clusters 1 (22689 tracts) and 2 (7668 tracts) contribute most
to inequity, which is not the case for cluster 0 (38567 tracts), which contributes negatively (reduces the
impact on inequity) to better equity. Cluster 3 (1251 tracts) has a moderately low impact on inequity. This
can be interpreted by comparing the height of the bar, representing the average proportion of the overall
Theil index contributed by that tract. A higher bar indicates that the tract contributes more to the inequity,

while a lower bar implies a smaller contribution.
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Figure 16:
The average contribution of all United States tracts by cluster
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4.4.1 Adjusting the density of medical facilities in all the tracts uniformly

We conducted a scenario analysis that involved increasing the density of medical facilities equally
across all tracts in the United States and calculating the Gini Index for the vaccination attainment index
after each increment. We observed an increasing trend in the Gini Index, indicating that inequality in the

vaccination attainment index rises as medical facility density increases (see Figure 17).
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Figure 17:
The Gini index in the scenario with an equal increase of density in all the United States tracts
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This outcome may seem counterintuitive, but it can be explained by the increased medical facility

density applied equally across all tracts, regardless of their specific needs. This approach emphasizes

equality rather than equity. While equality aims to provide the same resources to everyone, equity focuses

on distributing resources based on the unique needs of each community.
The increasing Gini Index could be a result of the following factors:

Unaddressed disparities: By increasing medical facility density equally, the scenario fails to ad-
dress pre-existing disparities among tracts, such as differences in socioeconomic conditions, access to
transportation, or health insurance coverage. The needs of particular communities may be overlooked,

leading to widening inequality in the vaccination attainment index.

Resource inefficiency: In regions with sufficient medical facilities, further increasing the density
might not significantly improve the vaccination attainment index. On the other hand, regions with higher
needs might still face a shortage of medical facilities, leading to an unequal distribution of vaccination

resources.
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Potential over-provision: Applying the same increase across all tracts might result in over-provi-
sion of medical facilities in certain areas. These additional resources might not substantially improve the
vaccination attainment index, especially if other factors such as education, income, or cultural beliefs are

more significant barriers to vaccination.

4.4.2 Adjusting proportionally density of medical facilities in tracts on population density

It would be more effective to tailor the increase in medical facility density based on the specific
needs and challenges each tract faces to address these issues and achieve better equity in vaccination
coverage. In the second scenario, we increased the density of medical facilities proportionally to the pop-

ulation density across all tracts in the United States.

By calculating the Gini Index and plotting the results, we observed a decreasing trend in the Gini
Index, indicating that inequality in the vaccination attainment index is reducing as medical facility density

increases in this manner (see Figure 18).
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Figure 18:
The Gini index of the scenario with a proportional increase based on population density in the United
States
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This outcome can be explained by the fact that the increase in medical facility density was more

targeted, considering each tract’s population density. This approach is more aligned with the concept of

equity, focusing on distributing resources based on the unique needs of each community.
The decreasing Gini Index in this scenario can be attributed to the following factors:

Addressing disparities: By increasing medical facility density proportionally to the population den-
sity, the scenario is better suited to address pre-existing disparities among tracts, such as differences in
socioeconomic conditions, access to transportation, or health insurance coverage. This approach helps
better to meet the needs of communities with higher population densities, reducing inequality in the vac-

cination attainment index.

Resource efficiency: By allocating medical facilities in proportion to population density, the re-
sources are being used more efficiently. Regions with higher population density receive more medical fa-

cilities, which can lead to a more significant improvement in the vaccination attainment index. Conversely,
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regions with lower population density receive fewer additional facilities, avoiding potential over-provision

and resource wastage.

Comparing the two scenarios, it is evident that the second scenario is more effective in reducing
inequality in the vaccination attainment index. The second scenario accounts for population density, an
essential factor in addressing the unique needs of each community and promoting better equity in vac-
cination coverage. By considering the findings from our previous analysis, such as the impact of health
insurance coverage, racial and ethnic disparities, and transportation options, we can develop even more

targeted interventions to further reduce inequality in the vaccination attainment index.

4.4.3 Adjusting proportionally density of medical facilities in tracts on average time to commute

In the third scenario, we increased the density of medical facilities proportionally to the average
time to commute across all tracts in the United States. Upon calculating the Gini Index and plotting the
results, we observed that the Gini Index decreased for the increasing percentage up to 45% and then went
up drastically (see Figure 19). It indicates that the relationship between the allocation of medical facilities
based on the average commute time and vaccination attainment index inequality is more complex than in

the previous scenarios.
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Figure 19:
The Gini index in the scenario with a proportional increase based on the average time to commute in the
United States
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The initial decrease in the Gini Index up to the 45% increase suggests that allocating medical facil-

ities based on average commute times can help reduce inequality in the vaccination attainment index to

some extent. This approach addresses the accessibility issue for communities with longer commute times,

potentially improving vaccination rates in areas where transportation is a significant barrier.

However, the drastic increase in the Gini Index after the 45% increase point implies that allocating
medical facilities solely based on average commute time may not be the most efficient strategy for reduc-
ing inequality in the vaccination attainment index. Allocating resources based on commute times alone
may lead to overemphasizing areas with longer commutes, neglecting other factors contributing to dis-
parities in vaccination rates, such as population density, health insurance coverage, and socioeconomic

conditions.

4.4.4 Conclusion
Compared to simply proving all tracts with the same number of medical facilities, a more balanced

approach makes it clear that considering multiple factors contributing to vaccination disparities will likely
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yield better results in reducing inequality. Allocating medical facilities based on population density pro-
duced a more consistent decrease in the Gini Index, suggesting a more effective resource allocation strat-
egy. In conclusion, resource allocation should consider multiple factors, including population density,
health insurance coverage, and transportation options, to maximize the effectiveness of interventions and

ensure that resources are utilized efficiently.

4.5 Cambridge, MA, case study

After running our scenarios on all the tracts of the United States, we focused on a smaller scope
to see the impact in a specific area. In our case, we selected Cambridge, MA, as a geographic area to
measure the impact of adjusting the density of medical facilities on the tracts within the city and how it

would improve the equity of access.

4.5.1 Relevant Features

Before trying to improve equity of vaccine access in our case study on Cambridge, MA, we looked at the
relevant features of Middlesex County (county of Cambridge tracts) compared to all the counties in the
United States we defined in the previous sections. In Middlesex County, the SHAP waterfall plot (Figure
20) highlights several factors influencing the vaccination attainment index, along with their associated

contributions:
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Figure 20:
SHAP waterfall plot of the relevant factors in Middlesex County
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Note. The SHAP-waterfall plot shows the impact of certain features on the target (vaccination attainment
index). A red bar indicates a positive influence. E. g., the average commute to work duration increases the
vaccine attainment index by 0.12. A blue bar indicates a negative effect. Since tree-based models, like
XGBoost, capture non-linearities and interactions, the effects can differentiate between samples (see
4.5.2 for an example). Those plots can be made for the explanatory model as well as for predictions
made.

= The average commute to work [+0.11]: Longer commutes may be associated with a higher vac-
cination attainment index, possibly because individuals with longer commutes may have less flex-
ible schedules, making it more challenging to schedule vaccination appointments, thus slowing
down the vaccination process.

= Percentage of persons aged 65 and older estimate [-0.08]: A higher percentage of elderly individ-
uals may be associated with a lower vaccination attainment index. Older populations are often
prioritized for vaccinations due to their higher vulnerability to severe COVID-19 outcomes, leading
to faster vaccination rates for this group.

= Percentage of households income from $50,000 to $74,999 [+0.08]: A higher percentage of

households within this income bracket might be related to a higher vaccination attainment index,
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suggesting that people in this income range may face challenges in accessing vaccination services
or may have different attitudes toward vaccination compared to other income groups.

= Percentage of households with no vehicle available estimate [+0.06]: A higher percentage of
households with no vehicle available is positively associated with the vaccination attainment in-
dex, suggesting poorer vaccination performance in areas where more households lack access to a
vehicle. A reason may lie in difficulties in reaching vaccination sites for those without personal
transportation, as public transportation options may be limited or inconvenient for some individ-
uals.

= Percentage of American Indian and Alaska native alone [+0.06], and Percentage of Asian Alone
persons [+0.06]: A higher percentage of these racial/ ethnic groups might be associated with a
higher vaccination attainment index, which could be due to language barriers, limited access to
vaccination sites, or cultural factors that affect vaccination uptake in these communities.

=  Percentage of males [+0.05]: A higher percentage of males might be linked to a higher vaccination
attainment index, which could be related to factors such as men’s health-seeking behaviors, job
types, or other socioeconomic factors that make it more difficult for men to access vaccinations

or prioritize getting vaccinated.

While some factors may be similar to those seen in other United States counties, some factors,
such as health insurance coverage and housing structure, are not as prominent in Middlesex County. The
importance of each factor may vary depending on the local context, suggesting that the factors driving

vaccination rates may vary between regions.

4.5.2 Equity metrics

Cambridge, MA, had a Gini Index of 0.14 at the tract level, suggesting a relatively low inequity in

vaccination attainment within the city, although some disparities still exist (see Figure 21). However, as
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shown on the Lorenz curve below, it has the same shape as the nationwide curve as the national tract-

level Gini Index (0.15). Nevertheless, there is still room for improvement in addressing disparities.

Figure 21:
Lorenz Curve of Census Tracts in Cambridge, MA
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We confirmed this observation in Cambridge, MA, by obtaining the Theil index, resulting in a value

of 0.03. It shows a similar better position of the city of Cambridge compared to the nationwide index of

0.04 on all the tracts of the United States. Moreover, we can see in Figure 22 that despite the first four

tracts, all the tracts contribute equally to the inequity based on the proportion of the total Theil index

contributed by each tract.
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Figure 22:
Contribution to the Theil Index in Cambridge, MA
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Based on the Theil Index contributions, we clustered based on the Theil contributions the tracts
of Cambridge, MA, in four clusters using the K-means and Elbow method discussed in the methodology
section. Furthermore, as shown in Figure 23, clusters 0 and 2 contribute most to inequity, which is not the
case for cluster 3, which contributes negatively (reduces the impact on inequity) to better equity. This can
be interpreted by comparing the height of the bar, representing the average proportion of the overall Theil
index contributed by that tract. A higher bar indicates that the tract contributes more to the inequity,

while a lower bar implies a smaller contribution.
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Figure 23:
Clusters in Cambridge, MA, based on Theil's Contributions
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These differences in the equity of vaccine distributions by tract are related to the fact that factors
influencing the attainment of vaccination differ from one tract to another. If we take two tracts from Cam-
bridge, MA, we can see that the top relevant features impacting our vaccination attainment index differ.
We can see that in the following two graphs (Figure 24 and Figure 25) based on SHAP values. Moreover,
even if we have standard features, the contributions for each one are not the same, as the entities’ inter-
actions and dynamics are different. Notably, according to the SHAP analysis for tract 25017359400, the

density of medical facilities is important, while it is not for tract 25017359303.
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Figure 24:
Relevant Features for the Tract 25017359400
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Figure 25:
Relevant Features for Tract 25017359303
fix)=—0.764
1.554 = % Asian 402
1483 = % with private health insurance
—1.202 = % w/o health insurance
—0.424 = % more people than rooms
—0.404 = % Housing in structures with 10 or more units +0.04,
—0.407 = % Male . +0.04
0.242 = % commute walking . +0.03
—~0.412 = % Two or more races  —0.03 .
—0.158 = % Persons who speak English 'less than well’ —0.03 .
11 other features -0.01 ‘
—1.2 -11 -1.0 —0.9 —0.8 —0.7
ElfiX)] =—-1.07

The map below (Figure 26) shows where the clusters are concentrated. The tracts in light blue and
green are the tracts that need specific attention regarding access to vaccination. As they impact the ineg-
uity of access, those tracts require a specific and targeted strategy of vaccination centers distribution to

improve the vaccination rate and reduce the inequity between tracts.
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Figure 26:
Clusters in Cambridge, MA, according to their Theil contribution

Cluster Visualization Cambridge, MA

Note. This map shows the repartition of the clustered tracts in Cambridge based on their Theil contribu-
tion to inequity identified previously (see Figure 20). The yellow and green tracts negatively contribute to
inequity (reducing inequity). The dark blue indicates the tracts contributing the most to inequity. The light
blue represents those tracts that do not contribute to inequity.

4.5.3 Scenario analysis on Cambridge, MA

After analyzing the as-is situation in Cambridge, MA, we sought to improve equity in vaccine ac-
cess. We start with a uniform increase in the density of facilities (4.5.3.1), continue with a proportional
adjustment of the density in relation to the population density (4.5.3.2), and conclude by adjusting the

density of medical facilities proportionally to the average time to commute (4.5.3.3).
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4.5.3.1 Adjusting the density of medical facilities in tracts within Cambridge, MA, uniformly

We uniformly increased medical facilities’ density throughout all tracts in Cambridge, MA, with
the Gini Index for the vaccination attainment index being calculated after each increment. Figure 27 shows
a downward trend in the Gini Index at the start but flattened at the end, suggesting that it does not im-

prove inequality drastically.

Figure 27:
The Gini index in the scenario with an equal increase of density in Cambridge, MA
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The lack of improvement may occur due to various factors, as equality of resource availability is

different than allocating the resources based on the needs of the tracts. As in all the United States, the

potential reasons could be:

= Demand for medical services, including immunization, may vary around Cambridge, MA.
If medical facilities are increased equitably, tracts with higher needs or demands may still
have a shortfall, whereas tracts with lower needs may have too many. This mismatch can

worsen immunization inequities, raising the Gini index.
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= Variations in population density: Increasing medical facility density uniformly may not
serve highly populated zones. Thus, vaccination rates may not rise as projected, increasing
inequality.

= |ncome, education, and transportation may affect vaccination rates. Inequalities in im-
munization rates may persist or even increase if medical facilities are uniformly dense.

= Increased medical facilities may have heterogeneous consequences. Some areas may ben-
efit immediately from the improved availability of medical care due to enhanced access

to information and resources. Vaccination inequalities may increase.

4.5.3.2 Adjusting proportionally density of medical facilities in tracts on population density

When we increased the density of medical facilities proportionally to the population density in
each tract of Cambridge, MA, we observed a decreasing trend in the Gini index. This result suggests that
allocating resources based on the needs of each tract is more effective in reducing inequality in vaccination

rates than uniformly increasing the density of medical facilities across all tracts.

The Gini index increased in the previous scenario, where medical facilities were increased uni-
formly across all tracts. This outcome indicated that a uniform increase in resources did not address each

tract’s unique needs and characteristics, leading to a rise in inequality.

In this scenario, the decreasing trend in the Gini index demonstrates that considering population
density when increasing medical facilities helps better match resources with the demand for healthcare
services in each tract. By allocating resources in this manner, it better addresses disparities in vaccination

rates and contributes to a more equitable distribution of healthcare services (see Figure 28).
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Figure 28:
The Gini index of the scenario with a proportional increase based on population density in Cambridge, MA
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4.5.3.3 Adjusting the density of medical facilities proportionally to the average time to commute
Previously, we increased the density of medical facilities proportionally to the average commute
time on all the Cambridge, MA, tracts and calculated the Gini index. We found that the Gini index de-
creased initially (up to a 45% increase) and then increased drastically afterward, reproducing the same

behavior as seen in the scenario for the entire United States.

This result suggests that allocating resources based on the average time to commute can help
reduce inequality in vaccine access. When medical facilities are distributed according to commute times,
those areas with longer commute times get additional resources, making it more convenient for residents
to access healthcare services, including vaccinations. This approach can lead to an improvement in equity

for areas that might have been underserved before.

However, the drastic increase in the Gini index after the 45% increase (as shown in Figure 29)
suggests that the allocation strategy based solely on commute times may not be the most effective ap-

proach to reducing inequality in vaccination rates beyond a certain point. One explanation could be that
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commute times alone do not capture all the factors contributing to disparities in healthcare access, such

as population density, socioeconomic status, or racial and ethnic composition.

Figure 29:
The Gini index in the scenario with a proportional increase based on the average time to commute in
Cambridge, MA
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5 Discussion

The results showed that several socioeconomic factors, such as transportation options and health
insurance coverage, could affect county and tract vaccination attainment. We also examined the effect of
adjusting the density of medical facilities on the equity metrics for the United States and Cambridge, MA.
Consequently, we remarked that depending on the characteristics of each geographical entity, the impact
of allocating more medical facilities differs from county to county or census tract to census tract. In this
section, we discuss our results and compare them to previous research studies conducted in the field,
yielding insights to policymakers. We conclude this chapter by summarizing the limitations we see in our

work.

5.1 Contribution

When we started our study, we initially hypothesized that once we subtract all the effects of spa-
tial factors from vaccination attainment, equity can be achieved by having an equal outcome for the soci-
oeconomic features selected. Measures like the Gini or Theil indices can only measure deviation from
equality and thus, as Whitehead et al. (2019) asserted, may only lead to equal outcomes. Therefore, it was
necessary to reduce the problem to a point where we could safely state that equality also means equity.
We, however, found that complex interactions between spatial and socioeconomic variables made it dif-
ficult to subtract these effects from the outcome. We apply the WHQO’s (2022) definition of equity, stating
that the absence of avoidable or remediable differences between groups of people, whether these groups

are socially, economically, demographically, or geographically defined, constitutes equity.

However, complex interactions between spatial and socioeconomic variables are present in the
outcome. Thus, we could not easily separate the effects of those factors. Nevertheless, the vaccination
attainment index and SHAP allowed us to identify the drivers of the outcome and their main interactions
on the individual tract level. Based on the interactions and the importance of the features, we can see that

the American Indian and Alaska Native Alone population, health insurance coverage, and transportation
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options are the main drivers for vaccination attainment and its equity. Our findings on transportation
means confirm the results of Field (2000) and Jin et al. (2022) regarding means of transportation and their
importance to equity in healthcare. Regarding the American Indian and Alaska Native Alone populations,
they still have difficulties accessing health care, as mentioned in the study conducted in Arizona in 2018
(Adakai, 2018). Health insurance coverage is also crucial for healthcare access in general and in the vac-
cination context in particular, as it relates to the economic situation of individuals and the affordability of

the insurance to be covered by the health system, which impacts vaccination equity.

We, therefore, assumed that carefully applying the indices to the outcome allows us to make con-
clusions about the equity of the outcome proxied through equality. To achieve equity, we sought to enable
the population to experience the same ease and convenience of access based on their socioeconomic
status in each tract. By looking at the (granular) tract level, we hoped to account for differences in the
population. For our analysis, we used the Theil Index and the Gini Index because the Theil Index helped us

identify those tracts contributing most to inequity, as recommended by Jin et al. (2022).

Dastgoshade et al. (2022) also stated that it may not be possible to incorporate all potentially
relevant factors in all contexts. We sought to overcome this limitation by identifying those socioeconomic
factors that best describe the population in an area. However, we must acknowledge that in our study, we
found that different regions have different drivers of vaccination attainment and, thus, may react differ-

ently when changing variables to improve the equity of vaccine access.

Following our approach, proxying equity through equality of the outcome (see 2.2.4.3 and 3.6)
and the granularity of our study, we arrived at a measure for equity through the Gini and the Theil indices
on the vaccination attainment index. However, we did not only want to measure the equity of vaccine
access. We also wanted to propose how to improve it. We studied how changing factors affect the out-

come. When medical facilities are distributed according to commute times, those areas with longer com-
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mute times get additional resources, making it more convenient for residents to access healthcare ser-
vices, including vaccinations. This approach can lead to an improvement in equity for areas that might
have been underserved before. It reinforces the equity needs approach that most socially disadvantaged
populations should receive more services to provide these groups with favorable conditions they would

not otherwise have (Nicholls, 2001).

In conclusion, while allocating resources based on commute times can positively affect equity in
healthcare access, other factors, such as population density, seem to provide a more effective allocation
strategy for reducing disparities in vaccination rates. It is crucial to consider multiple factors when planning
resource allocation to maximize the use of resources and ensure equitable access to healthcare services,
including vaccinations: transportation means, health insurance coverage, and being an American Indian
and Alaska Native. This idea agrees with the vertical spatial equity definition of Ashik et al. (2020) by ad-
dressing the needs of the affected population. However, applying a horizontal spatial equity approach (see
4.4.1 and 4.5.3.1), distributing facilities equally to residents regardless of a population’s need, disagreed

with other equity concepts, particularly the WHO's.

When comparing the scenario, which increased the density of medical facilities proportionally to
population density, the decreasing trend in the Gini index observed in the previous scenario suggests that
population density might be a better indicator for allocating resources and reducing inequality in vaccina-
tion rates (see 4.4.2 and 4.5.3.2). It also aligns with our hypothesis that for the short term, the only good
factor to be influenced by policymakers is the density of vaccination centers, proxied through the density
of medical facilities. Policymakers should focus on ensuring that the distribution of medical facilities

matches the population’s needs and consider expanding services in underserved areas.

5.2 Limitations

While our approach to defining and measuring the equity of vaccine access on a microscopic level

is novel, we discuss some limitations in the following section.
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First, we cannot model every individual, even with the census tract and county commuting data.
Our suggested measures are calculated based on summary statistics representing census tracts as the
smallest unit. The model likely does not provide accurate results if a unique situation can be found in any
of the tracts. Due to a lack of more granular data (even vaccination attainment rates on tract level could

help), we cannot assess its impact.

Second, with COVID-19, we got the chance to have country-wide data to evaluate the as-is situa-
tion using our approach. However, we are dealing with a single event. All conclusions we draw are based
on this one event, and we cannot assess whether specific characteristics are unique to this disease. We
also want to highlight that, with the data available, we did not account for any uncertainty. Furthermore,
we only looked at data from the United States which may further limit the generalizability to other coun-

tries with different socioeconomic properties.

Third, our approach looked at the individual counties or census tracts, respectively. We, therefore,
neglected the potential effects of neighboring counties and tracts. In particular, on the tract level, they

may affect the population closer to the borders.

Fourth, both the Gini and Theil indices have limitations when measuring equity. The Gini index is
less sensitive to extreme values and is a relative measure, making it unsuitable for comparing different
vaccination indices. It can be ambiguous in interpretation and lacks decomposability, hindering subgroup
analysis. The Theil index is less intuitive and also a relative measure. Although it is more sensitive to ex-
treme values than the Gini index, outliers can still influence its results. Despite these limitations, both
indices are valuable tools for assessing inequality and are often used alongside other measures for a com-

prehensive understanding of equity in a given population.

Fifth, we initially hypothesized that we should assume equality after subtracting the effects of

spatial factors. However, since we had to shift our methodology to using an XGBoost model, we could not
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numerically isolate the effects of spatial variables. While we could argue that our design allowed us to

assume equity is equality for the outcome, we failed to prove it numerically (see also 2.2.4.3 and 3.6).

Sixth, we also limited our study to ensuring equitable access to the vaccine network and neglected
factors like the reputation of sites or individual preferences. We did this because it is the first and most
crucial step to ensure equitable accessibility. Ensuring other aspects of vaccination is essential but, there-

fore, out of the scope of this capstone project.

Finally, only considering access: in the COVID data set, we calculated the vaccination attainment
index where we assumed that differences are alone access related. We, therefore, disregarded the impli-
cations of factors like vaccination hesitance and skepticism. It may be essential because some underserved
socioeconomic groups may have developed skepticism because of events happening in the past, and thus
their underserving may not be related to access. For instance, the black population may have lost trust in
the health system due to the 1932 Syphilis Study (Centers for Disease Control and Prevention, 2022),

where syphilis was studied on the population without their consent or knowledge.
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6 Conclusion

In this study, we aimed to understand the factors influencing vaccination rates and equity across
the United States by conducting a scenario analysis on the tract level. By focusing on tract-level data, we
were able to capture a finer granularity of information, allowing for the identification of localized dispari-
ties and trends that might be obscured when analyzing data at a broader scale, such as the county level.
We also focused our analysis on Cambridge, MA, as a case study to provide more in-depth insights into the
local dynamics and challenges a specific community faces. By examining the effects of various scenarios
on Cambridge, MA, we can better understand how different interventions and resource allocations may
impact vaccination rates and equity within the city and provide valuable information for policymakers and
public health professionals to develop targeted strategies to improve vaccination uptake and reduce dis-

parities.

Unsurprisingly, we found that population density is a primary driver of equitable access. However,
future research should further investigate how neighboring areas interact with the access. Additionally,
we found that the main features influencing vaccination attainment are transportation means, health in-
surance coverage, and being an American Indian and Alaska Native. Considering this, those effects can be

addressed by policymakers in the long term.

Exploring other factors influencing vaccination rates, such as vaccine hesitancy, skepticism, and
individual preferences, could provide a more comprehensive understanding of vaccination equity. Evalu-
ating the impact of targeted interventions to address these factors could also contribute to developing

more effective strategies for improving vaccination equity.

Moreover, future research could benefit from examining alternative equity measures and employ-
ing different methodologies to better isolate spatial variables’ effects. It would enable researchers to ac-

curately assess the relationship between equality and equity, potentially informing more effective policies
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to achieve equitable healthcare access. While we confirmed our hypothesis that equal treatment of local
communities does not contribute to an equitable outcome, addressing their needs could improve it. We,
therefore, propose that future research focuses more on using the results from SHAP and tailor the ad-
dressing of needs based on the most influential factors identified: SHAP helps to understand complex in-
teractions and provides entry points for further study (1) on how socioeconomic groups affect the out-

come and on (2) the spatial factors interacting with them.

Furthermore, assessing the impact of various resource allocation strategies on vaccination equity,
considering both horizontal and vertical spatial equity, would help policymakers identify the most effective
approaches to ensure equitable access to healthcare services, including vaccinations. This could improve

overall public health outcomes and reduce health disparities.

Finally, with our defined set of potential metrics, it is of utmost importance to approach policy-
makers now with our findings, e. g., members of the COVID-19 Vaccine Equity Initiative, and suggest they
consider them in their decision-making and risk management processes. A successful implementation can
maximize immunization coverage by incorporating equity considerations and better preparing for the next

pandemic.
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