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Introduction: Health behaviors, mental health, and social needs impact health, but addressing these
needs is difficult. Clinicians can partner with community programs to provide patients support. The
relationship between program location and community need is uncertain.

Methods: We identified and geolocated community programs in Richmond, Virginia, that aid with 9
domains of needs (mental health, smoking, unhealthy alcohol use, nutrition, physical activity, transpor-
tation, financial, housing, food insecurity). For each census tract, we identified needs from public data
sources. We used 2 methods to compare program location and need: (1) hotspot analysis and (2) a
negative binomial regression model.

Results: We identified 280 community programs that provide aid for the 9 domains. Programs most
often provided financial assistance (n = 121) and housing support (n = 73). The regression analysis
showed no relationship between the number of community programs and the level of need in census
tracts, with 2 exceptions. There was a positive association between financial programs and financial
need and a negative association between housing programs and housing need.

Conclusions: Community programs are generally not colocated with need. This poses a barrier for
people who need help addressing these domains. ( J Am Board Fam Med 2022;35:55–72.)
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Introduction
Poor health behaviors, mental health, and social
needs are common among US adults and impact
health and well-being. In the United States, 78% of
adults exercise inadequately, 14% smoke, and 20%
binge drink an average of 4 times per month.1–3 A
third of preventable deaths are caused by physical
inactivity, tobacco use, unhealthy diet, and unhealthy

alcohol use.4 Almost 1 in 5 US adults have a mental
illness, but only 40% of these adults receive any treat-
ment.5 Social needs are common. For example, 35%
of adults experience stress about housing needs and
32% experience stress over transportation needs.6

Multiple organizations have called for primary care
and public health to better address social needs.6–11

While primary care is seeking to address health
behaviors, mental health, and social needs, doing so
is complex and requires coordination with pro-
grams beyond the health care setting. One solution
is for health systems and clinicians to partner with
social services, public health, and community-based
organizations to assist patients with these core
needs. Examples include Prescription for Health,
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Health Leads, and Accountable Care Communi-
ties.10,12–16 In addition, resource registries are
emerging that comprehensively catalog local pro-
grams and even offer electronic and automated
referral mechanisms to better connect patients to
programs and allow clinicians to coordinate
health behavior, mental health, and social care
with clinical care.17,18 Virginia has allocated $10
million in federal Coronavirus Aid, Relief, and
Economic Security Act funding to create Unite
Virginia, a statewide technology platform to help
clinicians connect vulnerable Virginians with
social services.19

Despite these efforts, few patients connect with
services when referred from the clinical setting.20

One potential barrier for patients is program acces-
sibility. Location may influence program access, as
transportation is often lacking.21 While the physical
proximity of programs to areas of need is important,
many communities have not systematically assessed
the geographic distribution of their programs and
how well they match with the community’s needs.
The aim of this study is to understand the relation-
ship between community program location and
community need through 2 methodologies: (1) hot-
spot analysis and (2) binomial regression. This
approach could serve as a template for future com-
munity planning to improve service delivery.

Methods
This article reports a secondary analysis of data col-
lected as part of a randomized controlled trial to
test an enhanced care-planning process to better
control chronic conditions. The secondary analysis
compares the locations of community programs
that address health behavior, mental health, and
social needs to locations of community needs using
2 different techniques: hotspot analysis and bino-
mial regression analysis.

The locations of community programs were
determined as part of the development of the
enhanced care-planning intervention, which incl-
udes guiding patients through a health risk assess-
ment and creating a personalized care plan using
the My Own Health Report (MOHR) online
tool,22–24 support from a patient navigator and
community health worker, and connection to com-
munity programs to help address patient goals. The
MOHR risk assessment and care-planning tool
includes 15 domains spanning health behaviors,

mental health, and social needs (nutrition, physical
activity, smoking, unhealthy alcohol use, unhealthy
drug use, mental health, loneliness, sleep, housing,
food insecurity, transportation, finances, dental
care, safety, and health education).25 These domains
(and their risk assessment questions) were the social
and behavioral measures recommended by the
National Academies of Sciences, Engineering,
and Medicine to include in electronic health
records.22,26,27

Community Needs Identification

We used publicly available data sources to classify
community needs at the census tract level. We
identified community need metrics for 9 of the 15
domains (nutrition, physical activity, smoking,
unhealthy alcohol use, mental health, housing,
food, transportation, finances) based on common
metrics within the literature such as the 500 Cities
Project Methodology, the Food Access Research
Atlas, and the Eviction Lab. We chose these spe-
cific 9 domains because the other 6 domains of
need did not have appropriate publicly available
data at the census tract level. The specific measures
for each of the chosen 9 domains are shown in
Table 1. We used American Community Survey
data for 2018 to assess financial and transportation
needs;28 data from the 500 Cities Project to assess
mental health, unhealthy alcohol use, physical ac-
tivity, obesity, and smoking needs;29 the Food
Access Research Atlas to assess food insecurity;30

and data from the Eviction Lab to assess housing
needs.31

Community Program Identification

In the summer and fall of 2019, a team of 12
researchers, staff, and students used a 4-step process
modeled after CommunityRx, an e-prescribing tool
for connecting patients to community resources
that assist with wellness and disease management,
to identify all available community programs in
Richmond city that could aid patients in any of the
15 domains.32 First, the team identified programs
from 3 local resource registries: VCU Health
System, Findhelp.org, and the local YMCA of
Greater Richmond. Second, clinicians and social
workers at practices participating in the Virginia
Ambulatory Care Outcomes Research Network
were asked to identify the programs they use in
clinical care. Third, select programs were contacted
to identify partner organizations with which they
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collaborate. Finally, the team conducted Internet
searches and used personal knowledge of the com-
munities to identify additional resources.

These programs were entered into a REDCap
database, including their mailing address, domains
addressed, eligibility criteria, willingness to accept
insurance, cost, and contact information. Throu-
ghout each step of program identification, the data-
base was shared with partners for review and
input.33 For each community program, we identi-
fied the longitude and latitude from the listed
address using the Census.gov Geocoder. If no lon-
gitude or latitude was returned, we manually col-
lected the information from https://www.latlong.
net/. Community programs outside Richmond city
census tracts or with no identifiable latitude and
longitude were excluded from the binomial regres-
sion and the hotspot analysis. Only the community
program’s listed address of service was included.

Hotspot Analysis

We used descriptive geographic information
system mapping techniques to assess the spatial dis-
tribution of community need and community pro-
grams for each domain. As shown in the Appendix,
we created thematic maps of community need

represented by quintile natural breaks and overlaid
relevant community programs for each domain.

Next, we conducted 2 individual hotspot analy-
ses of (1) community needs and (2) community pro-
grams and then overlayed the corresponding 2
analyses for each domain using ArcMAP 10.8.1.
We only included domains with at least 30 identi-
fied community programs (the minimum size
required for the hotspot analysis). For the commu-
nity program hotspot analysis, we identified areas
with a higher or lower density of community pro-
grams than average using an optimized hotspot
analysis with the following parameters: count inci-
dents with the hexagon grids as the unit of analysis,
distance band of 1 mile, and Richmond city as the
bounding polygon.

For the community need hotspot analysis, we
first used the incremental spatial autocorrelation
test to identify the appropriate distance threshold
that functions as the scale of analysis. We chose the
distance threshold where all features had at least 1
neighbor and where clustering was most intense
(peak of the z-score) using the global Moran I test.
Once we identified this distance threshold, we used
the optimized hotspot analysis with the following
parameters: the distance threshold identified as

Table 1. Number of Community Programs Identified and Identified Community Needs in Richmond, Virginia, in

the Summer and Fall of 2019

Domain
Number of Programs

Geolocated in Richmond
Metric for Assessing Community Need by

Census Tract*
Mean Value (SD) of

Need by Census Tract

Mental health 47 Percent of adults reporting 14 days per
month when mental health was not
good

13.7% (3.7%)

Smoking 11 Percent of adults who are past or current
smokers

20.3% (6.7%)

Unhealthy alcohol use 35 Percent of adults with≥ 1 binge drinking
episode in past month

17.2% (4.62%)

Nutrition 56 Percent of adults with body mass
index≥ 30 kg/m2

33.3% (8.98%)

Physical activity 32 Percent of adults with no leisure time
physical activity

26.7% (9.99%)

Transportation 20 Percent of households with no vehicle
available

10.6% (12.9%)

Financial 121 Percent of residents below 100% poverty
level

24.9% (16.8%)

Housing 73 Percent of renter-occupied units with an
eviction judgement annually

12.1% (8.33%)

Food insecurity 67 Designated as a food desert 11 of 66 census tracts

Abbreviation: SD, standard deviation.
Notes: Some resources provided more than one service, so the total number of resources does not sum to 280.
*Data sources for community metrics include the American Community Survey for 2018 (financial, transportation),28 500 Cities
Project data for 2018 (mental health, alcohol use, physical activity, obesity, smoking),29 Food Access Research Atlas (food insecur-
ity),30 and the Eviction Lab (housing).31
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described above and census tract as the polygon
unit. The hotspot analysis on community need
excluded food insecurity as it was a dichotomous
variable.

For both hotspot analyses we used Getis-Ord
Gi* statistics to identify the significant clusters of
either census tracts or hexagon grids with a false
discovery corrected P value< 0.10.34 Community
need hotspots and coldspots were statistically sig-
nificant clusters of census tracts with higher or
lower rates of community need, respectively, than
would be expected given a random distribution of
community need. Community program hotspots
and coldspots were similarly defined as clusters of
hexagons with significantly greater or lower num-
ber of programs, respectively, than would be
expected given a random distribution of programs.

Next, we layered the hotspots and coldspots for
community programs and community need to iden-
tify any overlapping areas. We then conducted sen-
sitivity analyses to determine how sensitive the
overlap was to the parameter specifications of the
hotspot analysis. We used the default distance
threshold generated in the optimized hotspot analy-
sis and a distance threshold of 0.75 miles for com-
munity programs as well as the default distance
identified with the optimized hotspot tool for com-
munity need. These results can be found in the
Appendix.

Negative Binomial Regression Analysis

Based on their longitude and latitude, we measured
the number of community programs located within
a radius of the center of the census tract. Radii of
0.5 and 1.0 miles were used to reflect the range of
acceptable walking distances within the literature.
Acceptable walking distances vary between 0.25 to
1.0 miles by subgroup and by destination, so 2 radii
were chosen to reflect this broad variation in walk-
ing distances.35,36 Negative binomial regression
models were used to estimate associations between
the number of community programs (count out-
come) and the level of community need, adjusted
for racial distribution and life expectancy. We used
negative binomial regression because our outcome
was count data, and this model accounted for high
variation in the data by adjusting the variance inde-
pendently from the mean. We adjusted for racial
distribution, as previous work shows increased den-
sity of community programs is associated with a
larger proportion of White residents.37–39 We

adjusted for life expectancy to control for the gen-
eral health status of the area. Both racial distribu-
tion and life expectancy aim to control for baseline
health and systemic racism. For each community
need, a model was fit for outcomes defined using
both the 0.5-mile and 1.0-mile distances. For each
model, the relative risk, 95% CI, and P value were
reported. All analyses were performed at a statistical
significance level of 0.05 and used SAS Version 9.4
Statistical Software (SAS Institute, Cary, NC) and
R 3.6.1.

Results
In total, we identified 314 community programs
that had an identifiable latitude and longitude in
the city of Richmond and that addressed 1 of the 15
domains included in MOHR. Of these, 280 pro-
grams addressed 9 of the domains included in the
binomial regression analysis and 272 programs
addressed the 7 domains included in the hotspot
analysis. Financial assistance was the most common
domain addressed by the programs (n = 121) and
smoking cessation the least common (n = 11)
(Table 1). Similarly, the domain with the most cen-
sus tracts that had programs within a 1-mile and
0.5-mile radius of the centroid of the census tract
was financial resources (n = 36 census tracts for 1-
mile and n = 33 census tracts for 0.5-mile radius)
(Table 2).

When examining our thematic maps, we discov-
ered that high community need was located in simi-
lar parts of Richmond across all domains except for
binge drinking and food deserts (Figure S1). For
example, the northwest part of Richmond had

Table 2. Percent of Census Tracts (n = 66) with a

Community Program within One or One-Half Miles

Radius from the Centroid in Richmond, Virginia, in

the Summer and Fall of 2019

Domain 1-Mile Distance 0.5-Mile Distance

Mental health 23 18
Smoking 5 5
Unhealthy alcohol use 17 14
Nutrition 25 21
Physical activity 16 13
Transportation 13 10
Financial 36 32
Housing 29 20
Food insecurity 33 29
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Figure 1. Hotspots of community program density and needs in Richmond, Virginia, by domain in the summer

and fall of 2019.
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lower unemployment, lower poverty rate, fewer
poor mental health days, less physical inactivity,
and lower obesity rate, whereas the eastern part of
Richmond had higher rates of these community
needs. The exception to this trend was seen in
unhealthy alcohol use, with a higher prevalence of
binge drinking in the northwest of Richmond and
lower prevalence of binge drinking in the north-
eastern region (Appendix Figure 1).

As seen in Figure 1, colocation of community
program hotspots and community need hotspots
varied across domains. For financial need, program
location hotspots extended into the hotspots of the
poverty rate and did not extend into coldspots of
the poverty rate. In contrast, physical activity pro-
gram location hotspots only extended into cold-
spots of physical inactivity, suggesting a disc-
ordance between need and program location.
Programs assisting with food insecurity were pri-
marily located outside of food deserts and extended
into only a small portion of 1 census tract catego-
rized as a food desert. For mental health, unhealthy
alcohol use, nutrition, and housing insecurity, we
observed mixed correspondence between hotspots
and coldspots for program location and community
need.

In the hotspot sensitivity analysis, physical activ-
ity showed inconsistencies based on parameter
specifications. For example, when using the default
distance threshold for both the physical inactivity
rate and community programs, the program hot-
spots extended into both coldspots and hotspots of

physical inactivity, but when using a 0.75-mile dis-
tance threshold for community programs and the
distance threshold of peak clustering for commu-
nity need, the program hotspots only extended into
coldspots of physical inactivity (Appendix Figure 5).
For financial assistance, the hotspots of financial
programs did not overlap any coldspots for poverty
regardless of parameter specifications (Appendix
Figure 6). For food insecurity, mental health, nutrition,
housing insecurity, and unhealthy alcohol use, the pro-
gram hotspots overlapped both hotspots and coldspots
of need in all parameter specifications, but the degree
of overlapped changed based on the parameter specifi-
cations (Appendix Figures 2-4, 7, and 8).

The binomial regression analysis also found
poor correspondence between program locations
and levels of need. We found no statistically signifi-
cant association between community need and the
number of community programs for nutrition,
physical activity, smoking, food insecurity, trans-
portation, unhealthy alcohol use, and mental health
(Table 3). A positive association was observed
between poverty rates and the number of financial
programs, at both the 1.0-mile radius (RR =1.05,
95% CI,1.02-1.08) and 0.5-mile radius (RR=1.06,
95% CI,1.03-1.10). There was a negative associa-
tion between community eviction rates and the
number of housing programs at the 1.0-mile radius
(RR=0.87, 95% CI, 0.77-0.98); while the magni-
tude of the association was larger at the 0.5-mile ra-
dius, it was statistically weaker (RR =0.84, 95% CI,
0.70-1.00).

Table 3. Binomial Regression Model to Identify Relationship Between Levels of Community Need and Density of

Service Programs in Richmond, Virginia, in the Summer and Fall of 2019

Services Domain
1-Mile Distance from Centroid

Relative Risk (95% CI)
0.5-Mile Distance from Centroid

Relative Risk (95% CI)

Mental health 1.22 (0.94 – 1.57) 1.17 (0.89 – 1.52)
Smoking 1.12 (0.70 – 1.80) 1.08 (0.76 – 1.53)
Unhealthy alcohol use 1.45 (0.99 – 2.13) 1.39 (0.94 – 2.06)
Nutrition 0.97 (0.84 – 1.12) 0.91 (0.76 – 1.08)
Physical Activity 0.97 (0.84 – 1.13) 0.95 (0.80 – 1.12)
Transportation 1.02 (0.95 – 1.09) 1.03 (0.96 – 1.10)
Financial 1.05 (1.02 – 1.08)* 1.06 (1.03 – 1.10)*
Housing 0.87 (0.77 – 0.98)* 0.84 (0.70 – 1.00)
Food insecurity 0.54 (0.18 – 1.56) 0.53 (0.16 – 1.71)

Abbreviation: CI, confidence interval.
Notes: (1) Adjusted for percent Black residents and life expectancy of census tract. (2) In the binomial regression model, there were
no significant relationships between location of community programs and percent Black residents or life expectancy of census tracts.
*Bold shaded cells statistically significant (P value< 0.05).
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Discussion
While we identified 314 community programs in
the city of Richmond that can help people with 9
domains of need involving health behaviors, mental
health, and social problems, the programs were
generally not situated in areas with the greatest
needs. We found no statistically significant rela-
tionship between the number of programs and lev-
els of need for food insecurity, nutrition, mental
health, unhealthy alcohol use, transportation, or
smoking. The only exception involved programs
for financial needs, where a positive association
between location and need was observed in both
the hotspot analysis and binomial regression results.
A complete mismatch between location and needs
was in the hotspot analysis for physical activity; pro-
grams were more likely to be in census tracts with
higher levels of physical activity. The binomial
regression analysis found that housing resources
were less available in communities with higher evic-
tion rates.

The few studies that have examined this topic
have also reported inequities between community
program locations and community need. For exam-
ple, Davis et al. found low access to foods in an
urban area with high need; specifically, only 41% of
WIC participants had access to an authorized WIC
store.40 Zenk et al found that communities with the
largest concentration of Black residents and highest
poverty rates were further from the nearest super-
market than those with the fewest Black residents
and least poverty.41 Estabrooks et al. found that
areas of high socioeconomic status had access to
more physical activity resources than those of mid-
dle or low socioeconomic status.42 The exception
we observed regarding financial programs was seen
in at least 1 other study. In Boston, Bauer et al.
found that the density of services offering financial
assistance was higher in block groups with a higher
poverty rate.43

Geographic location is known to influence use of
behavioral health services and health behaviors. For
example, proximity to care was positively associated
with mental health care follow-up after inpatient
substance abuse treatment and with receipt of
methadone at opioid treatment programs.44,45

Increased travel time is associated with fewer visits
to a mental health care provider and reduced
receipt of guideline-concordant care.46 The same
principle applies to resources for healthy behaviors.

For example, the amount of park space within 1
mile of home addresses was associated with phys-
ical activity and the number of exercise facilities
within 1 kilometer of home addresses was associ-
ated with increased gym membership and physi-
cal activity.47,48

Our study has some limitations. First, the sample
size for some domains was small, which may limit
power to detect relationships between location
and need. However, our findings are consistent
across both analytic methods and mirror previous
research. In addition, geospatial analyses focus on
distance between locations and cannot account for
dynamic variables such as connectedness between
communities (eg, public transportation), ability for
residents to move between areas, or travel time due
to traffic. We focused on listed addresses for the
community programs and were not able to include
other outreach efforts such as through vans or pop-
up clinics, which was beyond the scope of this pro-
ject. By their nature, outreach efforts are highly
fluid and vary greatly by time. Further, some
domains such as mental health may have little out-
reach, whereas food insecurity may have more.
Last, we did not examine the impact of a commu-
nity program’s ability to electronically connect with
providers, which may be an important element of
successful referrals from a provider to a patient.
This electronic contact between health care pro-
viders and community programs needs to be exam-
ined in future studies.

Our study has several strengths. First, we used 2
unique analytic methods to examine geographic
relationships. The consistency of findings across
both methods demonstrates robustness. Second, by
demonstrating consistent findings for multiple radi-
uses of distance (0.5 and 1.0 miles) in the binomial
regression, we can infer a similar barrier for indi-
viduals who can travel different distances. These 2
methods can complement each other and streng-
then conclusions from each method. Third, while
several studies have examined discordance between
location and need in 1 domain, ours is the first to
consider multiple domains at once and thereby ex-
pose a recurring regional problem of the location of
service programs. Fourth, our study used detailed
indicators of need for each domain rather than gen-
eral measures of socioeconomic status or poverty.
Finally, this study broadens the geographic diver-
sity of the literature, as no prior studies on this
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topic have been conducted in Virginia or even the
South.

We demonstrate that for the majority of
domains, resources are not exclusively located in
areas of high need. Using tools such as the mapping
techniques in this article can be used to target the
location of future programs. While it is important
to understand the discordance between location
and need, we cannot ignore the realities that cre-
ated them. Therefore, to reduce these discordances,
it will most likely require incentives to encourage
the development of and the maintenance of com-
munity programs in locations where they are most
needed. This could come in the form of tax incen-
tives or policy decisions to encourage development
in needed areas. However, quantifying these mis-
matches is the first step in reducing the discordance
and improving geographic access to resources.

Conclusion
In Richmond, Virginia, community programs to
help people with health behaviors, mental health,
and social needs are not located where they are
most needed, with the 1 exception of financial assis-
tance. Travel distance can prevent people from
accessing these needed programs, making it impor-
tant for communities to use methods like ours to
define places of greatest need and locate resources
where they can have maximum impact.

We would like to thank the following students for assisting with
community program identification: Sanjoli Agarwal, Karina
Armenta, Leslie Chavez, Jiabi Chen, Charlotte Crider, Ola
Dinakin, Amy He, Samantha Lee, Martaya Napper, Hannah Rak,
Kyandra Rivera De Jesus, and Margaret Rossano. We would like
to thank StevenWoolf for his comments on the paper.

To see this article online, please go to: http://jabfm.org/content/
35/1/55.full.
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Appendix

Appendix Figure 1. Thematic maps of community need and community program location. Each black dot represents a

community program that assists with the relevant domain. The lighter color represents a lower rate or prevalence of the

particular measure of community need. The darker color represents a higher rate or prevalence of the particular measure

of community need. The specific scale and the specific community need is noted within the box for each.
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Appendix Figure 2. Sensitivity analysis of mental health.
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Appendix Figure 3. Sensitivity analysis of unhealthy alcohol use.
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Appendix Figure 4. Sensitivity analysis of nutrition.
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Appendix Figure 5. Sensitivity analysis of physical activity.
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Appendix Figure 6. Sensitivity analysis of finance.
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Appendix Figure 7. Sensitivity analysis of housing.
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Appendix Figure 8. Sensitivity analysis of food insecurity.
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