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Abstract Background The dramatic increase in complexity and volume of health data has
challenged traditional health systems to deliver useful information to their users. The
novel coronavirus disease 2019 (COVID-19) pandemic has further exacerbated this
problem and demonstrated the critical need for the 21st century approach. This
approach needs to ingest relevant, diverse data sources, analyze them, and generate
appropriate health intelligence products that enable users to take more effective and
efficient actions for their specific challenges.
Objectives This article characterizes the Health Intelligence Atlas (HI-Atlas) develop-
ment and implementation to produce Public Health Intelligence (PHI) that supports
identifying and prioritizing high-risk communities by public health authorities. The HI-
Atlas moves from post hoc observations to a proactive model-based approach for
preplanning COVID-19 vaccine preparedness, distribution, and assessing the effective-
ness of those plans.
Results Details are presented on how the HI-Atlas merged traditional surveillance
data with social intelligencemultidimensional data streams to produce the next level of
health intelligence. Two-model use cases in a large county demonstrate how the HI-
Atlas produced relevant PHI to inform public health decision makers to (1) support
identification and prioritization of vulnerable communities at risk for COVID-19 spread
and vaccine hesitancy, and (2) support the implementation of a generic model for
planning equitable COVID-19 vaccine preparedness and distribution.
Conclusion The scalable models of data sources, analyses, and smart hybrid data
layer visualizations implemented in the HI-Atlas are the Health Intelligence tools
designed to support real-time proactive planning andmonitoring for COVID-19 vaccine
preparedness and distribution in counties and states.
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Background and Significance

The novel coronavirus disease 2019 (COVID-19) pandemic
has highlighted inequities in the health and well-being of
vulnerable and marginalized communities and starkly
revealed how place, poverty, and place-based sources create
racial and ethnic disparities in health and well-being. Com-
munity members from disadvantaged backgrounds, includ-
ing marginalized racial and ethnic groups, have experienced
more significant physical, emotional, and economic impacts
of the pandemic.1 Access to food and income support has
become critical to the survival of many families affected by
the pandemic, especially those with young children; howev-
er, access to these supports has been precarious as services
and resource sites have closed, reopened, and changed the
format for delivering services to curb the spread of the virus.2

Further, the use of public transportation has been reduced to
avoid community spread,3 diminishing access to the safety
net resources in relation to the residence and technological
resources of those who depend on them.

Multiple studies on COVID-19 cases and deaths have
demonstrated an inequitable burden of the pandemic on
low-income and minority communities. These high-risk
locations are characterized by clusterings of racial and ethnic
minorities, low-income households, unmet medical needs,
low health literacy, lack of transportation, and poorer health
outcomes.4,5 At the same time, the rapid spread of COVID-19
demonstrated that health data and information generated
through traditional electronic health record (EHR) systems
are insufficient to deliver useful information to clinicians and
patients, so they can quickly respond to the crisis.6 As the
pandemic continued to evolve and new data started being
recorded, health information systems were challenged by
the lack of “fused” data to support data-driven decisions at
national, state, and local levels, as states and counties were
responsible for their own COVID-19 response. Several EHR
systems have started to include datasets containing social
determinants of health (SDOH). However, many public
health departments lack access to these types of data.
Knowing the locations of the most vulnerable populations
and levels of vaccine hesitancies are essential to plan for
equitable vaccine preparedness and distribution. This paper
provides an overview of a state-of-the-art approach to fuse
multiple data sources into health intelligence through the
rapid development of the Health Intelligence Atlas (HI-Atlas)
prototype. The HI-Atlas fuses multiple data sources and
provides visualizations that support a local health depart-
ment to identify high-risk locations and ensure an equitable
vaccination program for all residents.

Map-based planning and monitoring via geographic in-
formation system (GIS) is often used to address the chal-
lenges described above. However, as the number of GIS layers
increases, data layers overlap and obscure the picture.
This paper introduces smart hybrid health intelligence layers
produced by fusing data streams with logical operations on
variables and set “cut-off” points. This approach enables GIS
visualization of cooccurrences of variables of interest with
one or more smart hybrid layers that focus on extracting the

most relevant information without unnecessary data layers,
which will make it hard to see the context.

Objectives

This article describes the development of a prototype, the
interactive HI-Atlas. It also describes the set of relevant data
sources that can provide the Public Health Intelligence (PHI)
to decision makers in communities across the country as
they respond to their critical issues during the COVID-19
pandemic. Details are provided below on the relevant data
sources and how the HI-Atlas was used to inform public
health decision makers and assisted their efforts in two
important use cases as follows:

1. Support identification and prioritization of vulnerable
communities at risk for COVID-19 spread and vaccine
hesitancy.

2. Support the implementation of a generic model for plan-
ning equitable COVID-19 vaccine preparedness and
distribution.

Methods

Data Sources
The various data sources used to identify signals from a
multidimensional stream of data are summarized
in ►Table 1 and described hereinafter.

Centers for Disease Control and Prevention Social
Vulnerability Index
The Centers for Disease Control and Prevention developed
the Social Vulnerability Index (SVI) in 2018 for most coun-
ties in the United States.7,8 SVI indicates the relative vul-
nerability of every U.S. Census tract, subdivisions of
counties for which the Census collects statistical data. SVI
ranks the tracts on 15 social factors, including unemploy-
ment, minority status, and disability, and groups them into
four related themes (i.e., socioeconomic, household
composition/disability, minority status/language, and hous-
ing type/transportation). Thus, each tract receives a ranking
for each Census variable for each of the four themes and an
overall ranking. SVI values range from 0 (least vulnerable)
to 1 (most vulnerable), or very low (0.0–0.19), low (0.20–
0.39), moderate (0.40–0.59), high (0.60–0.79), and very high
(0.80–1.0). In summary, CDC’s SVI classifies as “high-risk
neighborhoods,” neighborhoods with significant clustering
of racial and ethnic minorities, low-income households, and
unmet medical needs.9,10

Medically Underserved Areas and Populations
The Medically Underserved Areas (MUAs) are Census tracts
designated by the Health Resources and Services Adminis-
tration as having too few primary care providers, high infant
mortality, high poverty, and/or high elderly population.11

The Medically Underserved Populations (MUPs) are areas
where a specific population group is underserved, including
groups with economic, cultural, or linguistic barriers to
primary medical care.
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Poverty Level Data
Poverty is a condition in which people or groups lack human
needs because they cannot afford them. Poverty is ssociated
with various adverse health outcomes, including shorter life
expectancy, higher infant mortality rates, higher death rates
for the leading causes of death, and access to food and health
care.12

Health Literacy Data
Health literacy is the degree to which individuals can find,
understand, and use information and services to inform
health-related decisions and actions for themselves and
others.13 Individuals most likely to experience low health
literacy including older adults, racial and ethnic minorities,
those medically underserved, nonnative speakers of English,
and persons with a lower level of education. Factors that
affect a person’s health literacy skills include education,
language, culture, and access to resources. Limited health
literacy is associated with lower health outcomes, increased
hospitalization rates, decreased use of preventative services,
poor healthmanagement, and higher costs. National Quartile
displays four categories based on the range of scores for the
entire United States, with Quartile 1 being the lowest and
Quartile 4 as the highest14 (►Table 2).

Transportation Data
Transportation and access-related data sources must be in-
cluded as many residents in these areas have transportation
limitations that make getting to vaccination centers problem-
atic The Transit Accessibility Improvement Tool (TAIT) identi-
fies communities that face transportation disadvantages and
may have a greater potential need for public transit. The TAIT
was developed by the North Central Texas Council of Govern-
ments partners with local governments and transportation
providers to implement transportation projects throughout
the North Central Texas region. It identifies Census block
groups with a concentration of residents who are below
poverty, living with disabilities, or age 65 years and over.15

Percentage of Housing Units Without Vehicles
Estimated percent of housing units for which no vehicles
were available in 2015 to 2019 by the Zip Code Tabulation
Area (ZCTA) level. ZCTAs are based on U.S. postal service Zip
codes but they are not identical, and in many cases, may be
significantly different. Though Zip codes change continu-
ously, ZCTAs are set in 2010 and remain unchanged through-
out the decade. Data shown for ZCTAs represent the ZCTA
area’s information, not the Zip code.16

COVID-19 Case Counts
The cumulative number of COVID-19 cases per Zip code was
extracted from the public health website of the project.17

Pharmacy Location for Vaccine Distribution
The list of pharmacies used as vaccine providerswas supplied
by the public health agency.

Definitions

• Census tracts are the most used geography by statisti-
cians and policymakers and generally contain between

Table 1 Data sources used to identify signals from a multidimensional stream of data

Domain Data source

Health • CDC Social Vulnerability Index (SVI) (https://www.atsdr.cdc.gov/placeandhealth/svi/index.html)

• Medically Underserved Areas and Populations MUAs and MUPs (http://muafind.hrsa.gov/)

• Poverty level data (https://www.census.gov/topics/income-poverty/poverty.html)

• Health literacy data (https://health.gov/our-work/healthy-people/healthy-people-2030/health-literacy-healthy-
people-2030)

• Pharmacy location for vaccine distributiona

• COVID-19 case counts (https://www.tarrantcounty.com/en/public-health/disease-control—prevention/COVID-
19.html)

Access • Distance to nearest pharmacy distributing COVID-19 vaccinesb

• Number of persons served by the pharmacy distributing COVID-19 vaccinesc

Transportation • Transportation data or public transit access (https://nctcoggis.maps.arcgis.com/apps/webappviewer/index.
html?id=cb7420fa96a54b95a6492aeae27075aa)

• Percentage of housing units without vehicles (https://www.
census.gov/programs-surveys/geography/guidance/geo-areas/zctas.html)

aThe Public Health Agency of the county for which the project was conducted.
b,cCalculated by the project team (see Pharmacy Distance Calculation section).

Table 2 Health literacy categories as defined by the National
Quartile11

Category Score

Quartile 1 (the lowest) 235 or lower

Quartile 2 Higher than 235–247

Quartile 2 Higher than 247–254

Quartile 4 (the highest) Higher than 254

Applied Clinical Informatics Vol. 12 No. 4/2021 © 2021. The Author(s).

Health Intelligence Atlas Wilson et al.946

https://www.atsdr.cdc.gov/placeandhealth/svi/index.html
http://muafind.hrsa.gov/
https://www.census.gov/topics/income-poverty/poverty.html
https://health.gov/our-work/healthy-people/healthy-people-2030/health-literacy-healthy-people-2030
https://health.gov/our-work/healthy-people/healthy-people-2030/health-literacy-healthy-people-2030
https://www.tarrantcounty.com/en/public-health/disease-control&x2014;prevention/COVID-19.html
https://www.tarrantcounty.com/en/public-health/disease-control&x2014;prevention/COVID-19.html
https://nctcoggis.maps.arcgis.com/apps/webappviewer/index.html&x003F;id=cb7420fa96a54b95a6492aeae27075aa
https://nctcoggis.maps.arcgis.com/apps/webappviewer/index.html&x003F;id=cb7420fa96a54b95a6492aeae27075aa
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/zctas.html
https://www.census.gov/programs-surveys/geography/guidance/geo-areas/zctas.html


1,000 and 8,000 people with an optimum size of
4,000 people.

• Block groups are statistical divisions of Census tracts and
generally contain between 600 and 3,000 people. They are
a collection of census blockswithin a Census tract, sharing
the samefirst digit of their four-digit identifying numbers.

• Blocks are statistical areas bounded by visible features,
such as streets, roads, streams, and railroad tracks, and by
nonvisible boundaries, such as selected property lines and
city, township, school district, and county limits and
short-line-of-sight extensions of streets and roads.

Health Intelligence Atlas Structure
The HI-Atlas prototype is a functional and interactive dash-
board built within ArcGIS, a GIS for working with maps,
geographic information, and data.18 The prototype is avail-
able to the public health agency and our staff and allows the
users to define specific parameters for selected data sources,
filter selections, and visualize smart hybrid data across geo-
spatial boundaries, serving the two objectives described
hereinafter.

Support Identification and Prioritization of Vulnerable
Communities at Risk for COVID-19 Spread and Vaccine
Hesitancy
Measures of SDOH (transportation, access to health services,
income, etc.) were needed to help identify correlations with
living in high-risk, impoverished neighborhoods, as the large
county selected as initial implementation has a poverty rate
at 21% and higher, minimal health literacy,19,20 and a sub-
stantial digital divide. The at-risk Census tracts were identi-
fied using the CDC21 SVI,9,10generated to identify
populations that are especially at risk during public health
emergencies because of socioeconomic status, household
composition, minority status, housing type, and transporta-
tion. Of particular interests were the relationships between
COVID-19 cases and individual subcomponents of the SVI,
including socioeconomic status, household composition,
disability, minority status and language, and housing type
and transportation. Some of those were further explored
with such characteristics as poverty levels, populations of
more than 65 years, and percentage of minorities being
analyzed on a Zip code level and compared with the spread
of the disease. Also included were the health care literacy,
MUA, and MUP data, which—just like SVI—aggregated on a
Zip code level to allow for comparisons with Covid-19 case
counts.

Once the data files were ingested from respective sources,
the process of geomatching began depending on the data
source being used. Some of the informationwas provided at a
Zip code, Census tract, and census block group levels, with
the CDC SVI data serving as the anchoring point at the Census
tract level. A unified data template and a “dictionary” or
“cross-walk”were created to allow future aggregations. Data
were cleaned, removing data points that were outside of the
borders of the county that was part of this project. At the
same time, to be able to perform the analysis of COVID-19
cases, available only at the Zip code level, populations had to

be aggregated at a Zip code levelwith the values of individual
components (e.g., socioeconomic status, minority status, and
language, household composition, and others) being weight-
ed on the population of a given Census tract. A similar
approach was taken when incorporating MUA/the Popula-
tion and Healthcare Literacy data inputs.

Support Implementation of a Generic Model for Planning
Equitable COVID-19 Vaccine Preparedness, Distribution,
and Assessment
As a result of the analysis presented in the previous objective,
an interactive dashboard has been constructed within Arc-
GIS, allowing users to understand better possible challenges
with equitable and efficient distribution of the COVID-19
vaccine. The dashboard consists of two types of maps,
individual layers and smart hybrid layers.

Individual Layers

• Individual facilities (i.e., pharmacies listed as vaccine
providers) that allow users to identify vaccine distribu-
tion locations.

• CDC’s SVI, health care literacy, households without cars,
and MUAs and MUPs. These data streams, combined with
facilities, allowing users to identify vulnerable census
block groups and tracts where potential mobile vaccina-
tion services may need to be deployed.

• Distances for walking (20 and 40minutes) and driving
(5minutes) have been calculated for all pharmacies across
the county, allowing users to identify areas beyond local
residents’ convenient reach. ArcGIS application was used
to fuse the previously described tabular data with such
elements as locations of pharmacies, etc. The “Create
Drive-Time Areas” tool was utilized to identify the areas
that could be reached within a specified travel time or
travel distance along a street network based on travel
mode.

Smart Hybrid Layers
To improve the functionality of the dashboard, several smart
hybrid layers have been created utilizing ArcGIS’s data
exploration tools and custom data sources used for the
individual layers.

• Vulnerability overlaps: the SVI index was combined with
health care literacy and underserved areas datasets. Cen-
sus tracts were then color-coded based on the number of
present challenges. Two different versions of this layer
have been created to increase the granularity of insights,
one using the 0.6 SVI threshold and another using 0.8 as
the indicator of social vulnerability.

• Vulnerability plus pharmacy per capita: separately, SVI
was combined with population counts, allowing users to
identify vulnerable areas without pharmacies, vulnerable
areas with more than 7,000 residents per pharmacy, and
areas of any vulnerability but with more than 7,000 local
residents per pharmacy.

The project teammet with public health staff biweekly to
establish the variables of interest, review the resulting maps
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and layers, and provided feedback for the next iteration.
Compared with traditional GIS layers that tend to obscure
details, the public health staff found the hybrid layers
accessible through HI-Atlas extremely useful in providing
the necessary visualizations of cooccurrences, substantially
more informative and easier to use. As the scope of the
project was to develop a rapid prototype, therewas no formal
validation performed. The public health staff provided
insights into the utility and quality of the hybrid layers at
each iteration.

Pharmacy Distance Calculations
Distances to the nearest pharmacy were calculated using
actual walking and driving distances based on the shortest
route on a street network as provided by the geoprocessing
service ShortestRouteService via ArcMap 10.3.18 Census
block groups were then classified based on that distance
into the following categories: 0 to 2 miles away (translating
to �0–40minutes of walk, using the average human
walking speed of 3.1 miles per hour), 2 to 4 miles away
(�40–80minutes), and þ4 miles (over 80minutes away).

Spatial data were analyzed using spatial regression, spa-
tial lag models, spatial autocorrelation (clustering), street
and transit path network models to evaluate the distance
between pharmacies listed as vaccine providers and socially
vulnerable census block groups, Census tracts, and Zip codes.
The analysis involved determining relationships between
distances to pharmacies overlaid with SVI and health care
literacy at different geographic classifications in the county
studied in this project.

Results

The implementation of the HI-Atlas produced PHI that was
used to support two exemplar use cases in the project county
as mentioned below:

1. Support identification and prioritization of vulnerable
communities at risk for COVID-19 spread and vaccine
hesitancies

2. Support implementation of a model for an equitable and
rapid COVID-19 vaccine preparedness and distribution
campaign.

These use cases and the generic model for vaccine pre-
paredness and distribution were developed, so that the PHI
produced for the project county could be quickly imple-
mented for other counties in each state, using readily avail-
able local and national data sources. The data-driven process
for identifying, prioritizing, and implementing a COVID-19
vaccine preparedness and distribution is shown in ►Fig. 1.
Based on criteria established by public health staff, the set of
variables, and their cut-off points, the HI-Atlas would enable
the public health staff to generate a list of locations that met
their criteria by selecting locations and developing a report of
the most vulnerable areas at the Census tract level. The
public health staff would then prioritize those locations. The
next step would be to analyze the health literacy levels for
each selected Census tract and determine if that Census tract

needs to have a vaccine preparedness campaign to help
address any vaccine hesitancies. In addition, the public
health staff can assess the need for mobile vaccine vans
and pop-up vaccination locations if they determine that
transportation is problematic for a given Census tract (i.e.,
many elderly persons, households without transportation,
and others). Specific examples of the PHI that supports data-
driven decisions for vaccination preparedness and distribu-
tion campaigns are providedwithin each project’s objectives.

Support Identification and Prioritization of Vulnerable
Communities at Risk for COVID-19 Spread and Vaccine
Hesitancies
The initial action in our model uses the HI-Atlas and the CDC
SVI to identify vulnerable communities and their locations
within the project county (►Fig. 2A). The dark red areas
identify the locations of the 5th quintile Census tracts (SVI
>0.8) in the project county based on the CDC SVI. These areas
overlap with MUAs (►Fig. 2B) and are also associated with
higher cumulative COVID-19 cases (►Fig. 2C).

Next, as indicated in ►Fig. 1, the HI-Atlas supported
prioritization of the highest risk areas by ranking Census
tracts SVIs within the 5th quintile from the most vulnerable
(i.e., the highest SVI) to lowest (i.e., SVI>0.8) but still
classified as high-risk areas. However, not all census tracts
have the same health literacy levels, ethnicity, and poverty
levels. Areas with higher health literacy would be more
likely to accept vaccination.22,23 In areas with lower health
literacy levels, vaccine preparedness campaigns will be
needed to raise COVID-19 and vaccine awareness levels.

HI-Atlas then supported classifying Census tracts into two
groups; those census tractswith higher health literacy levels,
ready for vaccinations, and those needing vaccine prepared-
ness before vaccination efforts (►Fig. 1). As indicated
in ►Fig. 3A and B, high vulnerable areas and several block
groups with low health literacy levels were identified, plac-
ing them between the first and second quartiles at the
national, state, and National Assessment of Adult Literacy
(NAAL) levels.14 The yellowcircled areas in►Fig. 3B highlight

Fig. 1 Data-driven decision tree for vaccine preparedness and
distribution.
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areas with the lowest health literacy located in the most
vulnerable locations (SVI>0.8).

Support Implementation of a Model for an Equitable
and Rapid COVID-19 Vaccine Preparedness and
Distribution
Concurrent with vaccination efforts in counties ready to
receive the COVID-19 vaccine, the project county would
initiate vaccine preparedness in thosehigh-risk census tracks
with the lowest health literacy levels. As indicated
in►Fig. 4A, these neighborhoods consist primarily of minor-
ities and are classified asMUAs andMUPswith poorer health
outcomes. (►Fig. 4B). This latter figure introduces smart

hybrid health intelligence layers, produced by fusing the
three data streams where there are cooccurrences of high
SVI and low health literacy and MUAs. The bright red areas
in ►Fig. 4B represent areas where all three of these occur
together and identify areas that are, potentially, the most
challenging locations for both vaccine preparedness and
vaccination. Compare the clarity of ►Fig. 4B in which only
areas of interest are displayed with ►Fig. 3C in which both
layers are being displayed. These factors, combined with
vaccine misinformation, disinformation, and mistrust, play
a significant role in vaccine hesitancy in minorities and the
inherent mistrust toward decision makers.24 Knowing the
racial and ethnic composition of these neighborhoods, health

Fig. 2 Color-coded SVI Census tracts (CTs), Medically Underserved Areas (MUAs), and Medically Underserved Populations (MUPs), along with
cumulative COVID-19 cases (as of Jan.4, 2021) within the project county. (A) Color-coded SVI census tracts; areas in dark red depict CTs
with an SVI> 0.8, the county’s highest vulnerability locations. (B) Color-coded SVI census tracts overlaid with MUAs and MUPs. Areas in bright
red depict MUAs. (C) Color-coded SVI census tracts overlaid with MUAs, MUPs, and cumulative COVID-19 cases. Areas in dark pink and
light pink represent areas with the largest number of cumulative COVID-19 cases within the project county. COVID-19, novel coronavirus disease
2019; SVI, Social Vulnerability Index.

Fig. 3 Color-coded CDC SVI census tracts and health literacy levels within the project county. (A) Color-coded CDC SVI census tracts; areas in
dark red depict Census tracts (CTs) with an SVI> 0.8, the county’s highest vulnerability locations. (B) Color-coded health literacy levels
within the project county. Areas in light yellow represent areas within the National Quartile 1 (i.e., lowest literacy level). (C) Color-coded CDC SVI
census tracts and health literacy levels within the project county. Yellow circled areas are highly vulnerable areas (dark red) where
health literacy is low (light yellow). CDC, Centers for Disease Control and Prevention; SVI, Social Vulnerability Index.
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literacy levels, and MUPs’ location are crucial for successful
vaccine preparedness planning and campaigns.

HI-Atlas serves as a conduit toward delivering the PHI
needed to prepare communities with culturally sensitive
COVID-19 health and vaccine information, specifically
aligned with the community that addresses issues of vaccine
hesitancy, trust, and corrects misinformation about vaccina-
tion. As each community completes its COVID-19 prepared-
ness activities, it can then confidently move into the
vaccination campaign. Similarly, as each county has devel-
oped its own plans for vaccination locations, it is essential to
know how those locations will be staffed, how vaccine doses
would be distributed to the sites, and how they would be
administered and reported. The project county decided to
use local pharmacies to provide vaccinations to the public
and supplement thesewithmobile vaccination units. The HI-
Atlas provided smart hybrid layer visualizations that com-
bined pharmacy locations with census tracts with SVI>0.6
and no pharmacy (see red shaded areas in ►Fig. 5) and
census tracts with SVI>0.6 with pharmacies greater than
7,000 residents (see yellow shaded areas in ►Fig. 5). These
health intelligence visualizations enabled the public health
officials to identify areas with high risk and insufficient
access to vaccine distribution centers.

Public health decisionmakers sought PHI to identify areas
where residents have transportation challenges in addition
to those without vaccination locations. The HI-Atlas provid-
ed hybrid layer visualizations for households without cars
(►Fig. 6A) and walking (►Fig. 6B) and driving times
(►Fig. 6C) to the nearest pharmacy. These displays helped
public health staff identify locations where residents did not
have equitable access to vaccination locations. As new vacci-
nation locations are being established, the updated list of
providers can be easily uploaded into the HI-Atlas to reassess
vaccination coverage.

Discussion

The COVID-19 pandemic has altered what we thought was
“normal.”As the number of cases continued to rise exponen-
tially, therewas significant pressure on public health author-
ities to quickly and effectively respond. Multiple dashboards
were created to report the number of active cases and deaths
at the state, county, school district levels, etc. These post hoc
catalogs have proved beneficial to identifying those “hot-
spot” locations with the most COVID-19 cases and deaths.

Fig. 4 Color-coded racial and ethnic groups, SVI census tracts, low health literacy level areas, and Medically Underserved Areas (MUAs), and
Medically Underserved Populations (MUPs) within the project county. (A) Color-coded percentage of predominant racial or ethnic groups
(PolicyMap LLC, Philadelphia, Pennsylvania).29 (B) Color-coded SVI> 0.8 census tracts with low health literacy levels (0–235, National Quartile
1), and MUAs and MUPs within the project county. SVI, Social Vulnerability Index.

Fig. 5 Smart hybrid layers with census tracts with SVI> 0.6 and no
pharmacy (red) or pharmacy serving more than 7,000 residents
(yellow). SVI, Social Vulnerability Index.
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However, examining data visualizations about COVID-19
highlights three ways that these dashboards can mislead
viewers as follows: (1) by displaying inadequate data, (2) by
manipulating scales and visual distance, and (3) by omitting
contextual labels needed to understand a chart’s message
entirely.25

It is apparent that these dashboards alone are insufficient
to provide real-time insights for decision makers. One year
after the first case of COVID-19, states and counties have
been challenged to find fast ways of distributing vaccines to
vaccination locations, and public health officials have been
working tirelessly to provide equitable vaccine distributions
and identify the areaswith a high level of vaccinehesitancies.
Very recently, to support state and local communication and
outreach efforts, the Office of the Assistant Secretary for
Planning and Evaluation (ASPE) developed state, county, and
substate level predictions of hesitancy rates using the most
recently available federal survey data. This interactive map
shows estimates of the percent of the population in each
county that may be vaccine hesitant.26 This map’s limitation
is that it depends on howeach state provides the vaccination
rate information. For example, Texas vaccination rate infor-
mation includes aggregated data at the state level and cannot
be stratified by county. Therefore, the approach presented in
this article is unique, making HI-Atlas an extremely useful
tool to public health officials. It focuses on exploiting existing
capabilities to ingest relevant, diverse data sources, analyze
them, and generate appropriate health intelligence products
that enable users to take more effective and efficient actions
for vaccination preparedness and vaccine distribution chal-
lenges. HI-Atlas, was developed and is being used to produce
map-based (GIS) health intelligence that supported public
health and local and state agencies to plan for and conduct
vaccination campaigns. One of the challenges with GIS is that
as layers are added to a view, the intelligence can be obscured
by the overlap of these multiple data streams. As a clear
example, ►Fig. 3C depicts two overlapping layers, one set of
shades for SVI quintiles and another set of shades for health

literacy quartiles. As users were interested in visualizing the
areas with low health literacy values within Census tracts
with high SVI (i.e., SVI>0.8), a smart hybrid layer was
created. This layer depicted the health literacy levels,
MUAs, andMUPs for those Census blocks that had thehighest
vulnerability. This view helped identify those areas that
needed COVID-19 vaccine preparedness before vaccinating
people living in these locations. HI-Atlas was also used to
highlight the areas that needed additional mobile vaccine
distribution units due to the lack of vaccine providers and
transportation in high-risk areas. The benefit of utilizing
smart hybrid layers enables decision makers to focus on the
most relevant data and respond based on community’s
needs. Nevertheless, data alone cannot reduce or eliminate
inequalities. Examining the location and accessibility to
resources are critical to community members from disad-
vantaged backgrounds, including marginalized racial and
ethnic groups. Understanding the spatial distribution of
health and welfare resources in relation to the location of
where resources are needed in the daily lives of vulnerable
families provides opportunities to improve access to resour-
ces, which can be more readily identified and incorporated
into high-impact strategies for policy implementation and
service delivery. However, these types of priorities generally
include little input from service users,27 leading to gaps in
geographic and practical barriers to resources.28 Without a
clear understanding of how community members from
disadvantaged backgrounds, including marginalized racial
and ethnic groups, have been unequally affected by the
pandemic, we cannot fix the social and racial injustice and
inequity that is at the forefront of public health. To achieve
health equity, communities need to be involved in system
design, and SDOH need to be grounded in principles of
equitable evaluation in terms of what policy, practice, and
planning mechanisms of service location, and access and
delivery could be modified to increase resource acquisition
and stabilization among low income, marginalized families
living in under-resourced areas.

Fig. 6 Locations of pharmacies listed as vaccine providers and transportation accessibility/availability to these locations. (A) Locations of
pharmacies and percentage of households without cars. (B) Walking distance to the nearest pharmacy under 20minutes. (C) Driving distance to
the nearest pharmacy under 5minutes. MUAs and MUPs areas are displayed in red and yellow. MUA, medically underserved areas; MUP,
medically underserved populations.

Applied Clinical Informatics Vol. 12 No. 4/2021 © 2021. The Author(s).

Health Intelligence Atlas Wilson et al. 951



Conclusion

The COVID-19 pandemic demonstrated the need for hybrid
surveillance systems that can merge traditional surveillance
data with multidimensional data from search queries to
produce the next level of health intelligence. This approach
is unique. It uses smart hybrid health intelligence layers that
enable the extraction of the most relevant information
designed to support real-time proactive planning and moni-
toring for COVID-19 vaccine preparedness and distribution.

Clinical Relevance Statement

The Health Intelligence Atlas (HI-Atlas) assists public health
officials with the data-driven health intelligence for COVID-19
vaccinepreparedness anddeliveryat thecountyandstate levels.

Multiple Choice Questions

1. What was the main reason for developing the Health
Intelligence Atlas (HI-Atlas)?
a. To visualize COVID-19 active case data
b. To facilitate aggregation of data generated by health

care systems
c. To support health care workers through reliable

information
d. To support identifying and prioritizing high-risk com-

munities by public health authorities

Correct Answer: The correct answer is option d. Themain
reason for developing the HI-Atlas was to produce Public
Health Intelligence (PHI) that supports identifying and
prioritizing high-risk communities by public health
authorities.

2. What is the advantage of using smart hybrid health
intelligence layers within HI-Intel Atlas?
a. It allows the addition of geospatial data
b. Data are being added automatically
c. Enables GIS visualization of co-occurrences of variables

of interest
d. Allows for automatic interpretation of data

Correct Answer: The correct answer is option c.The
advantage of using smart hybrid health intelligence layers
is that it enables geographic information system (GIS)
visualization of cooccurrences of variables of interest by
extracting the most relevant information without unnec-
essary data layers which will make it hard to see the
context.
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