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Abstract

Introduction: As the first step in the HIV care continuum, timely diagnosis is central to reducing
transmission of the virus and ending the HIV epidemic. Studies have shown that distance from

a testing site is essential for ease of access to services and educational material. This study
demonstrates how location-allocation analysis can be used to improve allocation of HIV testing
services utilizing existing publicly available data from 2015-2019 on HIV prevalence, testing site
location, and factors related to HIV for Philadelphia, Pennsylvania.

Methods: The ArcGIS Location-Allocation analytic tool was used to calculate locations for HIV
testing sites using a method that minimizes the distance between demand point locations and
service facilities. ZIP code level demand was initially specified based on percentage of late HIV
diagnoses, and in a sensitivity analysis, based on a composite of multiple factors. Travel time and
distance from demand to facilities determined the facility location-allocation. This analysis was
conducted from 2021-2022.

Results: Compared to the 37 facilities located in 20 (43%) Philadelphia ZIP codes, the model
proposed re-allocating testing facilities to 37 (79%) ZIP codes using percent late diagnoses to
define demand. On average, this would reduce distance to the facilities by 65% and travel time to
the facilities by 56%. Results using the sensitivity analysis were similar.
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Conclusions: A wider distribution of HIV testing services across the city of Philadelphia may
reduce distance and travel time to facilities, improve accessibility of testing, and in turn, increase
the percentage of people with knowledge of their status.

INTRODUCTION

For decades, the HIV epidemic has shown how certain individuals (and communities) may
lack convenient access to diagnostic and treatment services.1=3 This lack of agency or access
may be driven by potentially stigmatizing behavior (such as same sex sexual behavior and
injection drug use), historic marginalization (often among Black and Latinx individuals as
well as those living in impoverished areas), or a combination of these factors.*> The CDC
recently estimated that 1 in 7 Americans living with HIV are unaware of their status.®
Accordingly, the Ending the HIV Epidemic in the U.S. (EHE) initiative, developed in
2019 by the DHHS, states that a top priority is to increase the percentage of people with
knowledge of their HIV status to 95% by 2030, by diagnosing all people with HIV as
early as possible.” This necessitates adequate testing facilities in locations accessible to
individuals who may be living with HIV but unaware, or at risk of becoming infected.
Studies have shown that convenience of and distance from testing site location is essential
for ease of access to both services and educational material.8-10 While a comprehensive
approach to eliminating disparities in access to HIV care is needed, reducing physical
barriers through improvement of testing and treatment site locations is an important first
step.

This paper seeks to demonstrate and evaluate how location-allocation analysis may be

used to address resource allocation problems for HIV prevention and treatment. Location-
allocation models are used to identify candidate locations for services in a geographic area,
accounting for the spatial distribution of demand for those services in that area. Demand
can be conceptualized as the number of individuals in an area that require certain services,
such as HIV testing. The location-allocation model determines locations of service facilities
based on these demand points and according to a set of criteria or constraints, such as

travel time or distance to a facility. Geodemographic groups may be weighted according to
the extent to which individuals within a certain group are in need of services.11 With the
integration of location-allocation models into GIS software such as ArcGIS (Esri, Redlands,
California), the use of these analytic tools is becoming more accessible and thus more
common in public health.12-14

As a model to guide planning, this study used location-allocation methods to determine if
and how location of current publicly funded, non-mobile HIV testing sites in Philadelphia,
Pennsylvania could be improved utilizing existing publicly available data on HIV
prevalence, testing site location, and factors related to HIV. Philadelphia is a prototypical
urban location with high rates of HIV and widespread need for testing and treatment
services. Philadelphia County, which is coextensive to the city of Philadelphia, is a priority
jurisdiction for phase one of the EHE initiative.” Selection of existing HIV test sites in
Philadelphia is informed from a combination of historic surveillance data, community
partnerships, consideration of priority groups (e.g., people who inject drugs, men who have
sex with men), and ability to apply to and meet funding requirements (T. Nassau, personal
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communication, Philadelphia Department of Public Health, 2022). This study sought to
contrast the data-driven model against these existing locations.

Geographic Region

Study Data

Philadelphia is the sixth-most populous city in the U.S. and the most populous city and
the center of economic activity in Pennsylvania. According to 2020 data, Philadelphia
had a population of 1.6 million, spanned over 134.1 square miles, and was comprised of
49 populated ZIP codes (Appendix Figure 1). Each ZIP code across Philadelphia had an
average of 1,410 (SD=837.2) persons living with HIV (PLWH) per 100,000 population in
2019. Among PLWH, an average of 59% (SD=8.8%) were virally suppressed (viral load
<200 copies/mL) citywide. From 2015-2019, an average of 190 (SD=105.4) new cases of
HIV per 100,000 population were reported, with an average of 17% (SD=7.1%) identified
as late diagnoses (diagnosed with stage 3 (AIDS) within 3 months of initial diagnosis)
across the Philadelphia ZIP codes. ZIP code was the unit of analysis for this study due to
availability of data, and is commonly used as a neighborhood definition in neighborhoods
and health research,!® including in Philadelphia.1®

Publicly available ZIP code level data was obtained on the epidemiology of HIV and general
demography. Epidemiologic HIV data including prevalence, incidence, late diagnoses,
linkage to care, receipt of care, and viral suppression were downloaded from AIDSWu,

for the years 2015-2019, the most recent year recorded.” Data were available for

all but 3 ZIP codes (19109, 19112, and 19113), which were suppressed due to small
numerators or denominators. The number and locations of existing HIV testing sites were
acquired from the City of Philadelphia Government18 and the number and locations of
existing healthcare facilities were acquired from the Pennsylvania Department of Health.1°
Demographic information including population, income, occupation, race, ethnicity, and
age, was downloaded from the 2018 American Community Survey20 using the tidycensus
(v1.0; Walker & Herman, 2021) package for R (R Foundation for Statistical Computing,
Vienna, Austria), and geographic area shapefiles were downloaded from the U.S. Census
Bureau.?!

Location-Allocation Analysis Step 1: Demand Specification

The ArcGIS Location-Allocation analytic tool (v2.82021) uses heuristic procedures to
identify locations for services based on location-specific demand. Within this analysis,
facilities are the HIV testing sites and demand points are locations that represent the people
requiring the services provided by the facilities. To target individuals with the greatest need
for HIV testing services within their ZIP code, demand should reflect areas with more
individuals living with HIV unaware of their status. The demand specification selected
used a proxy for this hidden population: the percent of persons diagnosed with late HIV,
determined by the number of individuals aged 13 years and older who were diagnosed
with HIV during the previous 5 years and were diagnosed with AIDS within 3 months of
initial diagnoses, divided by the number of individuals aged 13 years and older who were
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newly diagnosed with HIV in that given 5-year time-period. This may be interpreted as the
proportion of individuals living in each ZIP code that, prior to diagnosis, had been living
with HIV, and thus in need of testing (and treatment) services.

Recognizing that demand may not only be related to late diagnosis but other observed
and unobserved features, a sensitivity analysis was conducted that utilized a demand
specification consisting of a composite variable, created using a latent profile analysis via
the tidyL PA package (Rosenberg, Beymer, Anderson, Van Lissa, & Schmidt; 2018) for R.
A detailed description of the latent profile analysis and the composite demand variable is
included in the Appendix.

Location-Allocation Analysis Step 2: Determining Quantity and Locations of Demand

Points

Population-weighted ZIP code centroids were used to represent locations of HIV testing site
demand,?2:23 and demand weight was calculated by imputing the number of Philadelphia
residents living with HIV unaware of their status in each ZIP code. The Philadelphia
Department of Public Health estimated this number to be 1,700 individuals citywide in

a 2020 report.24 Without knowing their specific locations, a proportion of these 1,700
individuals were assigned to each Philadelphia-area population-weighted ZIP code centroid,
proportional to the percentage of late HIV diagnoses arising from this ZIP code out of all
citywide diagnoses.1” This value would then represent the weight of demand for that ZIP
code. For example, if a given ZIP code represented 10% of late diagnoses citywide, this ZIP
code centroid received a weight of 170.

Location-Allocation Analysis Step 3: Allocation of Proposed Facilities

RESULTS

Proposed facility locations were allowed to fall anywhere within the ZIP codes, with
candidate locations created using the ArcGIS fishnet tool. Travel time and distance from
demand points to facilities were used separately to determine appropriate facility location-
allocation, and a cutoff of 15 minutes travel time was used as a maximum distance an
individual would likely travel to a facility.2> The proposed number of facilities was set to
37, which is equal to the number of existing HIV testing site locations reported on the

City of Philadelphia’s website.18 Indicators from the model were compared to the existing
HIV testing site locations to quantify the differences resulting from the facility reallocations.
Additional methodological details are available in the Appendix.

Location-Allocation Analysis Using Percent Late Diagnoses Demand Variable

Results from the location-allocation analysis, including the locations of the existing and
proposed facilities, and choropleth shading to illustrate demand, are depicted in Figure
1. Existing HIV testing facilities (n=37) are in 20 of 49 (43%) Philadelphia ZIP codes.
The model proposed re-allocating these facilities to 37 of 49 (79%) ZIP codes when
using percent late diagnoses as a demand weight. On average, the existing facilities were
1.59 (SD=1.03) miles away from a given demand point, whereas the proposed facilities
would be 0.56 (SD=0.47) miles away (Table 1, Figure 2). This corresponds to a 65%
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reduction in distance to a proposed facility compared to an existing facility. Similarly, the
existing facilities were on average 5.33 (SD=2.45) minutes away by driving compared to
the proposed facilities, which would be 2.33 (SD=1.51) minutes away by driving. This
corresponds to a 56% reduction in travel time to a proposed facility compared to an existing
facility.

The results using the composite demand variable were comparable to using percent late
diagnosis. Using the composite demand variable, there was a 67% reduction in distance to a
proposed facility and a 59% reduction in travel time to a proposed facility compared to an
existing facility (Table 1, Figure 2). Many of the proposed facility locations for this model
overlapped with those proposed by the primary analysis (Figure 3).

DISCUSSION

This paper demonstrated the use of location-allocation analysis to refine the locations of
HIV testing sites in Philadelphia, Pennsylvania. The results indicate that a wider distribution
of testing services across the city of Philadelphia could reduce distance and travel time to
testing facilities, although none exceeded the 15-minute threshold. Many of the existing
testing sites are in the Center City and West Philadelphia ZIP codes. These areas have
increased prevalence of PLWH and incidence of new diagnoses, which are both indicators
of a need for testing and treatment services. Many of these locations are near each other yet
may serve distinct populations. The models performed for this current analysis suggest that
the resources could be distributed to other ZIP codes that are also in need of these services
but may be lacking.

Location-allocation approaches are predicated upon accurately quantifying demand, and

in this study, demand corresponded to the need for HIV testing services throughout
Philadelphia. Accordingly, there are several assumptions needed to properly interpret these
results. Under the primary demand specification, percentage of late diagnoses in a ZIP code
was used as a proxy for individuals living with HIV unaware of their status. First, this
approach allocated testing sites based only on the need of those living with HIV unaware of
their status, when in fact, individuals (especially younger ages) who have not been infected
but are at risk also require testing services. Second, without knowing the exact location

of individuals living with HIV unaware of their status, the locations of the demand points
were geopositioned at the population-weighted centroid of the ZIP code. This is assuming
that these individuals are living at or close to the most populated location within the ZIP
code. If this hidden population lived in less-populated areas of the ZIP code, their distance
from a proposed facility could be greater than the average distance calculated by the model.
This would be more problematic in larger Philadelphia ZIP codes, where the most populated
areas could be up to 7 miles from the least populated areas. However, this method remains
more accurate than using geometric centroids, since the goal is to place these points where
individuals in need of these services are residing. In addition, this method assumes that an
individual will be more likely to get tested if a facility is in proximity to their place of
residence. This would not be the case if an individual preferred to test near their work, or

if they are uncomfortable testing near their place of residence due to privacy concerns or
stigma.26 Finally, it was assumed these individuals were unaware of their HIV status prior to
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their diagnoses. It is possible that this assumption does not hold for every late HIV diagnosis
in Philadelphia, and that some of these individuals were indeed aware of their status prior

to their late diagnosis. If this were the case, it would not be appropriate to group these
individuals with those who were living with HIV unaware of their status, as their behaviors
and attitudes towards HIV may be different. Nonetheless, these individuals would still have
a greater need for testing services in their proximity to facilitate earlier diagnoses.

To relax these assumptions — albeit at the cost of introducing additional complexity —

a sensitivity analysis was conducted using a composite of multiple variables to specify
demand. The results were similar to the primary demand specification, suggesting that

the second latent profile was driving the analysis (Appendix Figure 2). This profile
corresponded to below average prevalence of PLWH and incidence of new diagnoses, and
the above average percentage of late diagnoses. While it may seem counter-intuitive to
allocate testing sites to locations with fewer PLWH and fewer new diagnoses, these results
support the theory that not only does being an individual living with HIV unaware of their
status increase one’s need for nearby testing services, but also living in a ZIP code with
fewer PLWH and fewer new diagnoses could mean that there is less information and fewer
resources available on HIV, and potentially more stigma within the community.27-28 Indeed,
ZIP codes with higher prevalence of PLWH and new diagnoses should be allocated more
treatment facilities: this would be a useful extension of the location-allocation approach
demonstrated herein.

Access to healthcare is a fundamental barrier in reducing disparities related to HIV burden in
the U.S. As the initial step in the HIV care continuum, testing should be readily accessible
to anyone at risk of infection, but more importantly, to those who may be living with HIV
unaware of their status. Early detection of HIV infection will allow for faster linkage to
care, improved outcomes from viral suppression, and fewer transmissions. Previous studies
have examined how testing site locations influence testing behaviors,10:29:30 byt none to

the authors’ knowledge have empirically evaluated and reallocated existing locations to
improve access to testing. This, of course, is not the only example of how inaccessibility of
healthcare has led to disparities in disease burden in medically underserved communities.
The COVID-19 pandemic has exemplified how differential accessibility of healthcare
services, specifically access to testing, not only makes it difficult for infected individuals

to receive treatment and ancillary support services but also skews population estimates of the
burden of disease.31:32 Across the U.S., poor accessibility has disproportionately impacted
communities with a greater proportion of Black and Latinx residents, exacerbating existing
inequities. For example, in May 2020, Grigsby-Toussaint and colleagues reported that of the
126 COVID-19 testing sites across New York City, only 7% were located within majority
Black ZIP codes, 13% in majority Latinx ZIP codes, and 50% were located within majority
White ZIP codes.33 Since 2020, increased availability of at-home COVID-19 tests and
telemedicine services has made it easier for all communities, including disproportionately
impacted communities (admittedly to a lesser extent) to access testing services.34 This
provides an opportunity for HIV services, including at-home testing kits, to follow suit.
However, as with COVID-19 testing, at-home rapid HIV tests do not replace the more
accurate tests conducted by a healthcare provider, reiterating the need for easily accessible
testing facilities.
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Limitations

A central limitation to this work is the assumption that accessibility is driven solely by
closer testing site location (distance or travel time). While there is an expectation that the
reallocation of HIV testing sites will have some impact on getting HIV positive individuals
aware of their status, it is far from perfection. Reallocation of testing site locations should
be considered in conjunction with other programs to reduce known barriers to testing
accessibility such as rapid testing at clinics, self-testing, public health announcements,

and educational outreach.35-37 Additionally, any proposed reallocation of HIV service
organization should be evaluated using an implementation science framework to ensure
equitable access.38 This work is foremost a location-allocation analysis demonstration, and
should be taken into consideration alongside other factors (e.g., new infections, facility
assets, etc.) when re-allocating facilities in Philadelphia or elsewhere. The goal of this
analysis was not necessarily to encourage all 37 facilities to be relocated, but to identify
improved locations based on the specifications of demand. As such, many of the existing
facilities are already in locations that would be accessible to populations in need of their
services. This analysis highlights areas in the county that would likely benefit from the
addition of a facility, due to the demand of the population residing in those areas. For
example, in the existing Philadelphia facilities, the ZIP codes with residents that travel the
furthest to a facility include those in the Northeast (19114, 19149) and Northwest (19144,
19129) regions of the county. Ultimately it is up to the health department to determine

the feasibility of facility reallocations or the placement of new facilities in the suggested
locations based on community partnerships, priority populations, and funding. Some testing
sites exist within permanent health centers that are immobile, however, other locations may
be tied to partnerships with clinics or community organizations, many of which exist in
various locations across the county.

Limitations to the use of GIS programs to solve location-allocation problems are described
in the Appendix.

CONCLUSIONS

While location-allocation models have a limited history of use in health services
research,23:39:40 the availability of easy-to-use implementations should spur additional
applications in public health. This paper demonstrated an application of these techniques to
reallocate HIV testing facilities in Philadelphia, Pennsylvania. These models can be applied
to a multitude of different demand-facility combinations, within many geographic spaces.
This analytic tool should be used for quantifying ease of existing access to healthcare
facilities and identifying where and how improvements could be made.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
Existing and proposed HIV screening site locations in Philadelphia, Pennsylvania, based on

a location-allocation analysis using percent late diagnoses to specify demand.
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Density plot depicting the distribution of driving distances (2a) and driving times (2b) to

a facility for the 3 location-allocation models: (1) for the existing facilities, (2) for the
proposed facilities using percentage of late diagnoses for the demand weight, and (3) for the
proposed facilities using the latent demand profiles.
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Figure 3.
Existing and proposed HIV screening site locations in Philadelphia, Pennsylvania, based on

a location-allocation analysis using a composite variable to specify demand.
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Table 1.

Descriptive Statistics Describing the 3 Location-Allocation Analyses of Existing and Proposed HIV Testing
Facilities

Variable Existing facilities Proposed facilities: percent late Proposed facilities: composite
diagnoses . a
variable
ZIP codes with at least 1 facility, n (%) 20 (43) 37 (79) 37 (79)
Distance to a facility, miles, mean (SD) 1.59 (1.03) 0.56 (0.47) 0.52 (0.41)
Time to a facility, minutes, mean (SD) 5.33 (2.45) 2.33(1.51) 2.16 (1.52)

Note: Location-allocation models that proposed new facility locations were based on 2 demand specifications: (1) percent late diagnoses and (2) a
composite demand variable.

a . . . ) . . . ] L
The composite demand variable was created using a latent profile analysis. Variables used in the latent profile analysis included rates of persons

living with HIV, risk of persons newly diagnosed with HIV, percent of persons diagnosed with late HIV, percent of persons virally suppressed,
density of existing healthcare facilities, and an area deprivation index.
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