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ABSTRACT

Objective: The study was conducted to inform area-based prevention intervention programs
and plan resource allocation to reduce new infections in the District of Columbia (DC),
United States of America.

Study design: The analysis used spatial regression to evaluate the spatial heterogeneity of
the new HIV rate and its association with sexually transmitted infection repeaters (STIR-
EPs) and socio-economic as well as demographic characteristics. The HIV and STIREP data
were obtained from the DC Department of Health surveillance data (2010—2016). Other
covariates were obtained from the American Community Survey, 2016.

Methods: Ordinary least squares (OLS) and geographically weighted regression (GWR) were
used to compare global and local relationships. GWR-computed robust results were
compared with other spatial regression methods such as spatial lag or spatial error
methods.

Results: For the OLS model, age, high school dropouts (NHSD), and the black population had
an association with new HIV diagnoses (HIVDV;). The results from the GWR model
demonstrate spatial variations of association of STIREPs; mean age of each block group;
and percentage of female population, NHSD, unemployment, and poverty with HIVDV;.
Akaike information criterion (AICc) value for the global model was 2770.99, and R? was 0.54
(54%). The R? and AICc of the GWR model was 0.81 (81%) and 2580.84, respectively, where
the latter showed a 0.27 (27%) increase in R? and a decreased AlCc.

Conclusion: These results will assist in planning HIV prevention and intervention strategies.
These results will also be used for targeted testing, planning pre-exposure prophylaxis, and
access to health care. The results will help plan resource allocation to community-based
providers for prevention intervention programs and fund public health programs such as
condom distribution, mobile vans, and youth-based sex education.
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Introduction

The Joint United Nations Program on HIV and AIDS (UNAIDS)
launched the 90-90-90 plan in 2014, which aimed to end the
AIDS epidemic by 2020 across the world. Reducing new
transmission of HIV was one of the recommended goals for
effective implementation of prevention and treatment pro-
grams under the UNAIDS plan. Since 2010, the annual number
of new HIV infections (all ages) in the world declined by 16% to
1.8 million,' which is far less than the rate recommended by
the United Nations General Assembly to reach the Fast Track
target of 500,000 new infections by 2020.” In the United States
of America (US), the number of new HIV infections fell by 18%
from 2008 to 2014; this was the first substantial drop in new
infections in the country in two decades.* The District of
Columbia (DC) has experienced a constant decrease of new
HIV infections over the last decade.* However, after these
large declines, there is an indication of a plateau effect in re-
ductions, which has been seen globally. The DC has proposed
a plan (90/90/90/50)* concurrent with the UNAIDS plan, which
seeks to reduce new HIV infections by 50% by 2020. An
essential part of the DC's 90/90/90/50 plan was the imple-
mentation of area-specific intervention programs based on
risk clusters to reduce new HIV diagnoses (HIVDV;). To aid the
area-specific prevention programs and optimize resource
allocation, it is imperative to identify factors that may have an
association with new HIV infections. Although there are
studies that have evaluated various factors that may have an
association with HIV, there has been little research that ex-
amines the spatial dimension of these associations, and this
analysis fills that gap. The analysis is recommended for the
health department aiming to inform HIV prevention programs
based on their local surveillance data.

HIV and its relationship with the social determinants of
health and sexually transmitted infections (STIs)* ° is well-
documented research. However, these relationships are
most often analyzed using national and provincial data by
applying global regression. By using global regression models,
researchers implicitly rely on the assumption of a stationary
relationship, which means parameter estimates describe an
invariant relationship across space,'® thus masking any local
area variation, which in turn leads to misinterpretation of the
underlying spatial patterns.’® **

Therefore, public health researchers have begun to counter
stationary assumptions by using spatial regression modeling
such as geographically weighted regression (GWR) which al-
lows for spatial variations in parameter estimates.'* These
localized spatial models allow researchers to recognize the
association between local patterns of disease prevalence and
the covariates. The spatial models help in planning preven-
tion efforts,’® planning resource allocation,'*'® inferring gaps
in service provision,’ understanding biases of surveillance
data,'” adapting services, and targeting interventions.'? It is
critical for planners to have an understanding of the local
variations of the intensity of the epidemic, and spatial
methods make this feasible.

In this study, we sought to answer the following questions:
(1) do the relationships between HIVDV; and sexually trans-
mitted infection repeaters (STIREPs) vary across places?; (2) do

the relationships between HIVDV; and block group (BG)—level
socio-economic characteristics vary across places?; and (3)
how do local relationships explain health outcomes when
compared with global analysis?

Methods and data
Data sources

The DC has an estimated 2016 population of 659,009 according
to the American Community Survey (ACS) estimates.
Administrative and statistical divisions of the DC include
eight wards, 179 census tracts, and 450 Block Groups (BGs).
The US Census Bureau BGs are statistical divisions of census
tracts, which are defined to contain between 600 and 3000
people, and are used to present data and control block
numbering. The DC cartographic boundary shapefile of BGs
was obtained from the Master Address File/Topologically In-
tegrated Geographic Encoding and Referencing database of
the DC Office of the Chief Technology Officer for analysis

(Fig. 1).
HIV data

HIV surveillance data used in this analysis are collected
routinely by the HIV/AIDS, Hepatitis, sexually transmitted
disease (STD), and tuberculosis (TB) Administration (HAHSTA)
within the DC Department of Health (DOH). Newly diagnosed
HIV cases reported from providers and laboratories were
collected and managed in the Enhanced HIV/AIDS Reporting
System. The total number of newly diagnosed HIV infections
from 2010 to 2016 used for this analysis was 4237. The cases
were geo-coded using Maptitude and then aggregated by BGs.
The incidence rates for HIVDV; for each BG were calculated
using Equation (1).

HIVDV; = (TNI;/POPULATION;) x 1000 (1)

where HIVDV; is the rate of the diagnosed cases from 2010 to
2016 and TNI; is the total number of HIV diagnoses in the DC
BG from 2010 to 2016. The population was obtained from the
ACS 2016 estimate for each BG.

STI data

Repeaters are individuals who acquire more than one non-
viral STI in a specified period,” which, for this analysis, was
6 months or more. The STI data were regularly collected in the
Sexually Transmitted Diseases Management Information
System (STD*MIS) which were later transferred to the DC
Public Health Information System (DCPHIS). Providers and
laboratories report STI data which are routinely collected in
the DCPHIS. The data for this study were obtained from the
DCPHIS. There were 54,266 incidences identified using patient
ID as well as the first name, last name, date of birth, and date
of diagnosis between 2010 and 2016, of which 12,347 repeaters
were identified using an algorithm of first name, last name,
date of birth, and date of diagnosis. Repeaters are individuals
who had more than any one of the reportable STIs diagnosed
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Fig. 1 — The boundary map of the District of Columbia. The red lines demarcate the block groups, and the black lines, the
ward boundaries. (For interpretation of the references to color, the reader is referred to the Web version of this article.)

between 2010 and 2016. The geographic coordinates associ-
ated with each case of infection were assigned using Mapti-
tude Geographic Information System software. In this study,
three of the reportable STIs—chlamydia, gonorrhea, and
syphilis—were combined. The model was applied using each
of the STIREPs separately in the ordinary least squares (OLS)
model, but the variance inflation factor (VIF) indicated multi-
collinearity. Thus, the STIREPs were combined into the STI

repeat incidence rate variable to be included as an explanatory
variable in the study. The incidence rates of STIREPs in each
BG were calculated using Equation (1) as well.

Other variates
The other covariates used in the study were obtained from the

ACS for each BG. The ACS is conducted each year to provide
up-to-date information about the social and economic
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variables of communities. The census is conducted once every
10 years to provide an official count of the entire US popula-
tion to the US Congress. The study aims to inform policies in
the DC; thus, current estimates of population from the ACS
were used instead of the US census data.

There were six covariates used in the model for each BG: (1)
mean age of people (AGE); (2) percentage of the female popu-
lation (FEM); (3) percentage of people who are black (BLACK);
(4) percentage of people who are high school dropouts (NHSD);
(5) percentage of the unemployed (UNEM); and (6) percentage
of people below the poverty line (POV). The variables were
selected based on the literature’® ?° and VIF as well as cor-
relation association analysis of the independent variables.

Statistical analyses

Global regression
The global linear regression (OLS) was computed using R
software, version 3.3.4.

Yi = o+ BXi +é& 2

where « and g are the intercept and slope of the true regres-
sion line, respectively. Each observation,y;, may be viewed as
the sum of a component that predicts the value of y; on the
basis of the value of x; (using true coefficients a and 8) and
some random error (g;).

Spatial regression

Spatial regression analyses (GWR) were performed using
spgwr package of R software, version 3.3.4, to account for the
spatial non-stationarity of these relationships. Rather than
calculating global parameter estimates based on one regres-
sion analysis, GWR extends OLS by allowing regression co-
efficients to vary spatially within a study area. Unlike OLS,
GWR assumes that relationships between exposure and
health outcomes may vary over space; it generates a set of
local regression coefficients for each observation point in the
BG.”" An established form of the GWR model is described in
the following paragraphs.

P
yi=Bio(ui, vi) + Y B, )X + & i=1,...1m, 3
k=1
where y; is the dependent variable at point i, 8;(ui, v;) is the
intercept parameter at point i, 8y (u;, i) is the local regression
coefficient for the kth independent variable at point i,
and (u;, ;) is the coordinate of the ith point in the study area.
In our study, the x and y coordinates are given in miles
through geographic coordinate system World Geodetic Sys-
tem 1984 projection system. GWR requires assigning a specific
x and y coordinate to each observation, i.*?"%?

GWR used equation (3) to generate separate regression
equations for each observation, with a search window also
known as spatial kernel,”® deciding which adjacent observa-
tions were involved in the regulation of each regression. The
spatial kernel also defined how the adjacent observations
were weighed based on Gaussian distance decay.'>** These
functions give most weight to the observations that were
nearest to the one at the center. The weights were based on
the supposition that the nearby observations are more related

to each other than the distant ones (Tobler's law). The spatial
kernel area was based on a method of calibration to choose an
‘optimal’ bandwidth.”® This study applied adaptive kernel
where the size would vary depending on the neighbors.
Because the regression equation was calibrated indepen-
dently for each observation, a separate parameter estimate, t-
value, and goodness of fit were calculated for each observa-
tion.?* Local values of t-statistics were calculated by dividing
each local regression coefficient by the corresponding local
standard error. These values were mapped for the graphical
interpretation of the spatially varying association.

Akaike information criterion (AICc) values reported for both
global regression and GWR models were used to compare the
performance of the models.”> The model with the lower AICc
was considered to have a better fit. Spatial autocorrelation of
standardized residuals was checked for both global regression
and GWR models, using Moran's I in R. The global spatial clus-
tering of HIVDV; was also checked using global Moran's I. Global
Moran'sIisatool that measures spatial autocorrelation based on
both feature locations and feature values simultaneously.**

Results
Descriptive analyses

In total, 23% of the population were female compared with
73% male (the ramianing data were missing). Blacks or African
Americans represented the majority of the new cases
(approximately 69%) diagnosed in the DC. New diagnoses
decreased from 20% in 2010 to 8% in 2016. The global Moran's I
of HIVDV; is 0.0802 (P < 0.001) and demonstrates spatial auto-
correlation, which makes GWR a relevant statistical analysis
(Table 1).

Global regression analyses

The results of the OLS multiple regression analysis indicated
that STIREPs had an association with HIVDV; (8 = 0.118, 95%
confidence interval [CI]: 0.107, 0.129) (Table 2). NHSD also
showed an association with HIVDV; (8 = 0.482, 95% CI: 0.091,
0.872), and UNEM (8 = 0.269, 95% CI: 0.099, 0.439). FEM
(8 = —0.071, 95% CI: —0.143, —0.0002) had a negative associa-
tion with HIVDV;. R? for the OLS model was 0.54, and the AICc,
was 2770.99 (Table 2).

Local regression analyses

The summary results showed that R? and AICc of the GWR
model was 0.81 and 2580.84, respectively, thus a better fit than
the OLS global regression model. The global Moran's I of the
GWR residuals is 0.03 (P > 0.1), showing no spatial autocorre-
lation. The lack of spatial autocorrelation of the residuals in-
dicates that the residuals are independent and normally
distributed.

Fig. 2(a—g) showed the maps of coefficients of each
explanatory variables and the corresponding t-values. The
pseudo t-values for each variable were mapped to represent
the fitting level for each specific variable under GWR analysis.
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Table 1 — Characteristics of new HIV diagnoses (HIVDV;)

in the District of Columbia (2010—2016).

Variables Number (N) Percent (%)

Year of diagnosis
2010 883 21
2011 724 17
2012 709 17
2013 604 14
2014 481 11
2015 489 12
2016 347 8
Total 4237

Age group at diagnosis
0—14 years 17 1
15—24 years 882 21
25—49 years 2569 60
>50 years 769 18
Total 4237

Race/ethnicity
White 606 14
Black 2946 69
Hispanic 378 8
Other 110 2
Unknown 197 1
Total 4237

Sex at birth
Male 3103 73
Female 976 23
Missing 158 3
Total 4237

Global Moran's I of 0.0802***

new HIV diagnoses

*P < 0.05, **P < 0.01, **P < 0.001.

The t-values indicated that the parameter estimations in these
areas were reliable.

AGE coefficients showed higher coefficient values in the
southern parts of the DC in the BGs within wards 6 and 8
extending into few BGs in ward 7. Few BGs in ward 4 showed

higher coefficients as well. Lowest values were located in the
BGs within ward 7 (Fig. 2a) for AGE. FEM coefficients had
higher values in wards 1 and 7; few BGs in wards 4 and 5
showed higher values as well. Lowest FEM values were located
in the BGs of ward 8 (Fig. 2b). NHSD showed clustering of
higher coefficient values in the BGs within wards 7 and 8 and
in few BGs within ward 1 (Fig. 2c). BLACK had the lowest co-
efficients in few BGs of ward 7 (Fig. 2d). POV had higher co-
efficients in wards 4 and 8 and the lowest values in ward 7
(Fig. 2e). UNEM had higher coefficients clustered in wards 2
and 8 (Fig. 2f). STIREP (Fig. 2g) coefficients showed higher
values clustering in ward 4 and the lowest values clustered in
the southern BGs of the DC.

Supplement Fig 1 showed the maps of the locally weighed
R? between the observed and fitted values, which indicated
how well the GWR model replicated the local HIVDV; around
the covariates selected for this analysis. It is evident that the
value of R was not homogeneously distributed all over the
DC, and the overall GWR model fitted best in the BGs of wards
1,5, and 8 (R? > 0.83).

The map of the intercept term represented the distributions
of HIVDV; when the covariates equaled zero (Supplement Fig. 2).
It was observed higher intercept values clustered in wards 7 and
8 and in few BGs within ward 5.

Discussion

This analysis provided further indications that the relation-
ships of HIVDV;—STIREP and the socio-economic variables are
spatially non-stationary in the DC. From the GWR model, it is
clear that the intensity and directions of the influence of
STIREPs and other covariates on HIVDV; are spatially hetero-
geneous. The result can thus be adapted to plan for area-
specific prevention and intervention strategies to control new
HIV infections.

The 90/90/90/50 plan suggests treatment as prevention,
which means preventing new infections by increasing the

Table 2 — Global regression results of HIVDV; with explanatory variables.

OLS global regression results GWR results
Estimate Standard error T-value Lower limit  Upper limit B range
95% CI 95% CI
Intercept 5.648 1.898 2.976" 1.9182 9.3770 —5.726, 28.168
STIREPs 0.118 0.006 20.895*** 0.107 0.129 0.0373, 0.4327
AGE (ages 15 to 24 years) —0.022 0.020 -1.119 —0.0617 0.0169 —0.348, 0.1912
ELSEAGE (ages below = = = = = =
15 and above 24 years) (REF)

FEM -0.071 0.036 —1.970* —0.1426 —0.0002 —0.327, 0.1669
NHSD 0.482 0.199 2.424* 0.0911 0.8720 —0.751, 1.881
BLACK 0.000 0.009 —0.046 —0.0173 0.0165 —0.306, 0.0703
UNEM 0.269 0.086 3.121* 0.0997 0.4389 —0.126, 1.466
POV 0.046 0.049 0.930 —0.0511 0.1427 —0.462, 0.408
R? 0.54 0.81
AICc 2770.99 2580.84
Global Moran's I standard residuals —-0.011 —0.007

AGE, mean age of people; AICc, Akaike information criterion; BLACK, black population; CI, confidence interval; FEM, female population; GWR,
geographically weighted regression; HIVDV;, new HIV diagnoses; NHSD, high school dropouts; OLS, ordinary least squares; POV, people below
the poverty line; STIREP, sexually transmitted infection repeater; UNEM, unemployment.

*P < 0.05, **P < 0.01, *P < 0.001.
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Fig. 2 — Spatial mapping of coefficients and the corresponding t-values. The dependent variable was new HIV diagnoses
(HIVDV;) in the District of Columbia (DC) from 2010 to 2016. (a) Age (15—24 years) coefficients and the t-values (AGE), (b) female
coefficients and the t-values (FEM), (c) high school dropouts coefficients and the t-values (NHSD), (d) black population
coefficients and the t-values (BLACK), (e) Poverty coefficients and the t-values (POV), (f) unemployment coefficients and the t-
values (UNEM), and (g) STI coefficients and the t-values (STIREP). AGE, mean age of people; BLACK, black population; FEM,
female population; NHSD, high school dropouts; POV, people below the poverty line; UNEM, unemployment; STIREP,

sexually transmitted infection repeater.

number of people who reach viral suppression and are un-
likely to pass on the virus has the potential to reduce new
infections by 50% by 2020.” In 2012, the Food and Drug
Administration approved a treatment regimen that is widely

used to prevent HIV infection among high-risk HIV negatives.
This treatment is called pre-exposure prophylaxis, or PrEP,
and is the first novel strategy introduced since the start of the
epidemic that is explicitly targeted at preventing sexual HIV
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transmission. Previous studies have shown that PrEP has been
successful in preventing HIV acquisition.”® The challenge is
access to PrEP; the results of this analysis will be used to plan
for providing PrEP through community-based organizations or
health department clinics to areas which are vulnerable.

The analysis found higher coefficients of STIREPs in the
northern parts of the DC, although the t-values were more
than 1.96 in all wards. It is well known that STIs increase the
risk of HIV,” and controlling for repeat STIs has always
been considered a significant step to prevent new HIV
infection transmission.”® Repeat STIs double the risk of new
HIV infection and can be used to identify risk in HIV-
negative individuals.”®> The high-risk areas which show
significant association of STIs and HIV will be targeted for
providing interventions, such as STI treatment, PrEP and
postexposure prophylaxis use, and elimination of needle
sharing through syringe access programs, to interrupt HIV
transmissions.

Women showed higher values clustered in central DC and
ward 7. There are disparities in the degree of variations which
calls for a deeper understanding of the burden of HIV di-
agnoses among women in the DC. Although PrEP for women
has been an essential step in the community, it is also
important to pay attention to the women's ability to negotiate
safe sexual practices, particularly condom use.”’ Apart from
condom use, attention needs to be paid to the association of
HIV risk with awareness, outlooks, peer encouragements, and
perception of self-worth among women.?>*

Unlike OLS, GWR showed a spatial association of AGE with
HIVDV;. According to Center for Disease Control and Preven-
tion, United States (CDC) (2015), 22% of all HIVDV; in the US
were between ages 15 and 24 years.>” Of any age group, youths
with HIV are least likely to be linked to care and have a sup-
pressed viral load (i.e., having a low level of the virus in the
body, which helps the person to stay healthy and reduce the
risk of transmitting HIV to others). Addressing HIV in youths
required them to be provided with information and tools
needed to reduce their risk, make healthy decisions, and get
treatment and care if needed.*

The global regression model also showed a positive associ-
ation of HIVDV; with lack of high school education (NHSD). The
spatial regression analysis found spatial heterogeneity in the
association of NHSD with HIVDV; in southern DC and few BGs
spread across wards 1 and 5. High schooling years have shown
to decrease the risk of HIV.** On a worldwide level, it has been
observed that lower education and lack of sexual health edu-
cation in school is related to a higher risk of HIV epidemics.****
The DOH formed a collaboration across healthcare providers,
researchers, district government agencies, community orga-
nizations, and young people to develop the 2016—2020 Youth
Sexual Health Plan to address sexual health among younger
people. Programs need to be extended to include initiatives that
support students absent from in-school sessions. The DOH will
continue to work in concert with public education efforts and
school-based sexual health education.

Unemployment and poverty show spatial variation in as-
sociation with HIVDV;, which points out areas where poverty
and unemployment may need to be addressed. Employment
benefits in the past have been shown to improve HIV health
outcomes,** % and the DC provides employment assistance,

financial services, utility assistance, and rental assistance to
those in need and has special programs for HIV patients.
There are also studies that have shown that employment
benefits HIV health outcomes. Employed people were 39%
more likely to have achieved optimal adherence to antiretro-
viral medications (reaching better than 95% adherence),
which in turn helps curtail new infections.?® However, it also
needs to be acknowledged that employment generation does
not always lead to poverty alleviation, particularly in areas
where disease stems from disparity.>” Many researchers have
often described HIV as a ‘disease of poverty’.”® Thus, health
departments should consider poverty and its impact on HIV-
related health outcomes.

Geographical heterogeneity was detected by the GWR
method in the relationship of new HIV infections with STIs
and other economic and demographic variables. The analysis
used GWR because conventional regression analysis, OLS,
cannot discriminate the spatial variation in relationships if
geographical non-stationarity exists. The results of adjusted
R? and AICc indicated GWR was a better model to explain the
dataset. GWR analysis and its application to HIV and STI
research have been gradually gaining significance, and this
analysis is a significant step towards that.

Conclusion

As amethodology, GWR has some limitations. Non-linear terms
cannot be added to the GWR models, and the model inferences
cannot be conducted in this model.'> However, despite the
limitations, the article is an important contribution toward
understanding the underlying etiology that may have animpact
on new HIV infections. The article also opens avenues such as
access to PrEP, HIV risk among women, and space-based net-
works for research that await to be explored. Future research
using Bayesian additive regression models, which are based on
Markov chain Monte Carlo algorithms, for parameter estima-
tions and inferences to overcome the mentioned problems is
underway.
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