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Abstract

Background: Better information at the ZIP Code-level has the potential to enhance interventions targeting, identify treatment
gaps, and optimize resources utilization. Currently there are no methods designed to estimate undiagnosed HIV cases at
jurisdictions smaller than counties.

Objective: This study aims to predict the number of undiagnosed HIV cases at the ZIP Code-level in Atlanta, Georgia, based on
publicly available information.

Methods: The CDC reports both passive surveillance (PS) and estimated total (MS) HIV cases for selected counties as part of
the Ending of the HIV Epidemic initiative. We employed a Bayesian hierarchical model to: 1) Model MS as random draws from
a Poisson distribution with mean equal to the true total HIV cases in the county. 2) A Binomial model for PS arising from the
true denominator, with mean P, known as the ascertainment probability. 3) Use a logistic fractional model to alow P to be
dependent on socio-economic determinants of HIV extracted from the American Community Survey. These determinants were
chosen through a feature selection algorithm. The prediction model was tested out-of-sample on Georgia counties. Finally, we
combined zip-code-level covariate data with the posterior predictive distribution of the logit coefficients to predict the mean P at
zZip-code-level. Final estimates were spatially-smoothed and aggregated to county-level for secondary validations.

Results: The county-level model showed good mixing properties and predictive accuracy. The mean ascertainment probability
calibrated to the ZIP Code-level varied from 78.4% (95% credibility interval: 24.4%-99.3%) to 93.8% (95%CI: 80.6%-99.8%).
Further, the predicted undiagnosed HIV cases ranged between 12 (95%Cl: 6-19; ZIP Code 30322) to 1,603 (95%CI 1,209-1,968;
ZIP Code 30318).

Conclusions: Our findings provide a more detailed understanding of the risk profile of the city, in particular regarding the
heterogeneity and concentration of cases within the city, and therefore a more complete picture of the transmission risk. This
information could be leveraged to better identify underserved communities, better targeting the delivery of prevention and
treatment services, and overal increase the efficiency in the control of the HIV epidemic. Furthermore, our methodological
approach can be applied to other cities in the country, to obtain a more detailed depictions of its HIV risk-profile and
complement passive surveillance efforts. Clinical Trial: NA
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Abstract

Introduction. Local data has the potential to aid in the identification of treatment gaps, enhance
interventions targeting, and consequently increase the efficiency of resources utilization for HIV
prevention and control. While passive surveillance offers data of diagnosed cases at several
geographical levels, it is subject to selection and participation bias, and the methods developed to
estimate undiagnosed cases are only available up to the county level. ZIP Code data is a limitedly
explored tool to better understand the HIV risk profile of a city and focus public health efforts
accordingly. This study aims to predict the number of undiagnosed HIV cases at the ZIP Code-level
in Atlanta, Georgia, based on publicly available information.

Methods. The CDC reports both passive surveillance and estimated total HIV cases for selected
counties as part of the Ending of the HIV Epidemic (EHE) initiative. We employed a Bayesian
hierarchical model to 1) Model total cases as random draws from a Negative Binomial distribution
with mean equal to the true total HIV cases in the county incorporating its measurement error in the
distribution’s hyperparameters. 2) A Binomial model for passive surveillance cases arising from the
true denominator, with mean P, known as the ascertainment probability. 3) Use a logistic fractional
model to allow P to be dependent on socio-economic determinants of HIV extracted from the
American Community Survey. These determinants were chosen through a feature selection
algorithm. The prediction model was assessed out-of-sample on Georgia counties. Finally, we
combined zip-code-level covariate data with the posterior predictive distribution of the logit
coefficients to predict the mean P at zip-code-level. Final estimates were spatially-smoothed and
aggregated to county-level for secondary validations.

Results. The county-level model showed good mixing properties and predictive accuracy. The mean
ascertainment probability calibrated to the ZIP Code-level varied from 78.4% (95% credible interval:
24.4%-99.3%) to 93.8% (95%CI: 80.6%-99.8%). Further, the predicted undiagnosed HIV cases
ranged between 12 (95%CI: 6-19; ZIP Code 30322) to 1,603 (95%CI 1,209-1,968; ZIP Code 30318).
Conclusions. Our findings provide a more detailed understanding of the risk profile of the city,
regarding the heterogeneity and concentration of cases within the city, and therefore a more complete
picture of the relative burden of HIV across ZIP Codes. While this information is relevant at the city
level, the most actionable information could be obtained at the county level, where Local Health
Departments could use our findings to identify underserved areas and allocate resources accordingly.
Furthermore, our methodological approach can be applied to complement the information obtained
from passive surveillance, especially when more resource-intensive approaches are not available or
are unfeasible to employ.

Keywords: Passive Surveillance, Prediction modeling, Feature selection algorithm, Bayesian model,
Spatial Smoothing, HIV Risk-Profile
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Introduction

Since the introduction and expansion of the AIDS surveillance case definition in the United States in
1993 and the introduction of highly active antiretroviral therapy in 1995, the incidence and mortality
of HIV have dropped by 69% and 48%, respectively.[1] However, this progress has not been evenly
distributed among demographic groups. In 2018, 51% of all new diagnoses in the United States
occurred in the South, even though only 38% of the population resided in this area.[2] The rate of
people with HIV (PWH) in the South (372 per 100,000 people) is twice that of the mid-West (180
per 100,000) and 18% higher than the national average (313 per 100,000).[3] The HIV epidemic has
grown disproportionately in the South compared to other regions in the country. A phenomenon
driven by large urban centers [4] and concentrated on ethnic and racial minorities [3,5,6]. This is a
consequence of long-standing structural inequalities across non-independent demographic and
socioeconomic factors.[7,8]

To achieve the goals established by the Ending of the HIV Epidemic (EHE) initiative [9], which aims
to reduce new HIV infections by 90% by 2030, it is imperative to design solutions to maximize
access to care, particularly among historically marginalized demographic groups.[10] Local estimates
are a tool that procures means to identify highly infected areas, treatment gaps, to improve
interventions’ targeting, and consequently enhance resource allocation efficiency. Interventions based
on geographically aggregated information could overlook differences in needs within a given area,
leading to inefficient resource allocation. This issue could be worsened in contexts where health
outcomes are heterogeneous within a jurisdiction, for which there is evidence in the prevalence of
HIV.[11] ZIP Codes are frequently used as the unit of analysis in public health research due to the
granularity of information they provide and its established linkage with social determinants of health.
[12,13] This is a limitedly explored opportunity to understand better the HIV risk profile of a city or
county at a more nuanced geographic level to focus public health efforts accordingly. Better
information at the ZIP Code-level has the potential to enhance interventions targeting to increase
access to care, identify treatment gaps, and optimize resources utilization while improving health
outcomes for PWH.[10,14]

A critical barrier in using ZIP Code-level data to inform decision-making is the absence of estimates
of undiagnosed HIV cases at such level. While the HIV passive surveillance system allows local
health departments to gather diagnosed cases at the ZIP Code level,[15,16] this data is susceptible to
participation bias and under-ascertainment because not all diseased cases will be diagnosed.[17,18]
On average, the proportion of undiagnosed HIV cases with passive surveillance at the county-level is
16.4% (95% confidence interval 15.7, 17.2).[19] However, the Centers for Disease Control and
Prevention (CDC) surveillance reports show that this value can vary depending upon sex, age
groups, race and ethnicity, and region of residence.[20] Access to healthcare services driven by multi-
factorial inequalities are at the core of differences in HIV diagnosis.[8,21]

To obtain estimates of all prevalent HIV cases and level of under-ascertainment, the CDC uses the
CD4 depletion model which estimates the time since infection as a function of the CD4-count in
diagnosed cases and extrapolates using patterns of testing and reporting.[22] The model is applied to
the national and state-level data in the US and the county-level data for the 50 counties in the Phase I
EHE initiative.[20] However, these estimations had not been made at geographic areas below the
county-level, likely because the methodology used requires data on testing and diagnosis patterns
representative at the ZIP Code-level.[19]

We employed a novel method to predict total, diagnosed and undiagnosed, prevalent HIV cases at the
ZIP Code-level based on passive surveillance data, social determinants of HIV spreading, and
prevalence estimates at the county level. We focused on Atlanta Metropolitan Area given its high
heterogeneity in HIV diagnoses distribution [11] and healthcare access disparities [23].

https://preprints.jmir.org/preprint/50310 [unpublished, peer-reviewed preprint]
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Methods

Data

We extracted county-level information from the CDC's HIV Surveillance Report Vol 25 [20], which
contains the passive surveillance data (diagnosed cases) and estimated mean and 95% confidence
interval of prevalent total (diagnosed and undiagnosed) HIV cases among people aged 13 years and
above living with a known HIV infection in 2018. To ensure consistency, we excluded the
information from the District of Columbia and Puerto Rico to include only counties. The sample had
48 observations, including four counties from Georgia: Cobb, DeKalb, Fulton, and Gwinnett
counties. The training set included all but the four counties from Georgia, which were used as the test
set. At the ZIP Code-level, we collected the count of prevalent diagnosed HIV cases, identified via
passive surveillance, among persons aged 13 years and above in 2018, for the Atlanta Metropolitan
Area, available through the Emory University's visualization tool, AIDSVu.[16] AIDSVu obtains this
information via an agreement with the health departments overseeing HIV surveillance in the city to
ensure the data follows standard procedures for privacy protection and geographical accuracy.[16]
The analytical data set included 132 out of the 133 in Atlanta, with one ZIP Code (30334) being
excluded because it reported less cases than the cut-off for data suppression to ensure non-
identifiability of cases.

At both the County and ZIP Code-levels, we use the US Census Bureau's American Community
Survey (ACS) 5-years to extract all potential predictors of the probability of ascertainment using a
prospective selection based on literature review.[4,24,25] Selected variables included: age, gender,
race and ethnicity, income, schooling, urbanicity, employment status, insurance coverage, wealth
inequality, and vehicle ownership. We examined these variables to determine the need for
transformations and interactions. Using the ACS ensured consistency in the collection methods at
both the county- and ZIP Code-levels.

We explored four approaches to initial covariate selection: 1. All potential predictors. 2. We
conducted a RIDGE regression on all potential predictors and excluded variables with evidence of
multicollinearity (i.e., a variance inflation factor of 7 or more) or low explanatory power (i.e.,
variables whose coefficient had an absolute value of 1e-6 or less). The cut-off points were chosen
somewhat arbitrarily with the intent of minimizing the possibility of excluding potentially relevant
variables. 3. Covariates based on prior knowledge, including variables with the highest expectation
of being associated with the probability of ascertainment. 4. The union of non-zero coefficients at
optimum penalization from sets 2 and 3. For each initial approach, we used a LASSO regression with
a penalization parameter tuned via leave-one-out cross-validation and estimate the Mean Squared
Error (MSE) associated to each set. We chose the model with the lowest MSE to implement the
prediction model.

Prediction Model

The probability of ascertainment of the passive surveillance system in a jurisdiction (i.e., county or
ZIP Code) is the ratio of diagnosed cases over total cases. For a ZIP Code, denoted by i, this
probability is expressed as P,=pscases;/mcases;, where P is the proportion of detected cases,
pscases is the diagnosed cases obtained via passive surveillance, and mcases is the total count of
PWH, diagnosed and undiagnosed cases. This identity can be rewritten as mcase s;= pscases,/P,
The denominator in that equation is unknown at the ZIP Code-level, but it can be predicted.

https://preprints.jmir.org/preprint/50310 [unpublished, peer-reviewed preprint]
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We define a hierarchical Bayesian model at the county level, c. In the model, pscases arises from a
Binomial distribution with a true denominator mcases and probability, P. The county-specific
diagnosed cases, mcasesMU , was the target data to estimate mcases. We modeled mcasesMU as
arising from a Poisson distribution whose rate parameter, 1, distributed Gamma using an alternative
parameterization of the Negative Binomial distribution. The parameters of 1, were calculated using
the estimated true count of cases, mcases, and the relative standard error, RSE, associated to
mcasesMU , because this variable was obtained through statistical modeling and therefore carried
measurement error.[20] Furthermore, we allowed P to be dependent on county-level socioeconomic
determinants of HIV using a logit link function. The model is defined as follows:
pscases, Binomial| probability=P,, trials:nmcj

mcasesM U . Poisson|rate=A_| A. Gamma|shape=a.,scale= bc) a,=mcases,/b,

b.=mcases, - RSE’ mcases, Gamma(0.1,1e5)
logit(P |=a.+B- X,
B Cauchy(0,2.5)
«, Normal mean=amu,SD=1|
amu Normal(0,100)

t Uniform(min=0,max=100)

Variables pscases,, mcasesMU_, RSE:, and X, were observed data at the county level. X is a matrix
of covariates with prediction power over P. mcasesMU , followed a Gamma-Poisson mixture
distribution that allowed the model to acknowledge the overdispersion in the data (i.e., the mean and
standard deviation are not equal as assumed by the Poisson distribution) and to use both the mean of
total cases, mcases, and standard error, RSE, individually for each county through the
hyperparameter 4. P was modeled with a hierarchical logistic model with a random intercept
defined by a central tendency,amu, and deviations,tau, in addition to shared coefficients for the
covariates, f, that captured the effect of the social determinants of HIV spreading.

Most hyperparameters (i.e., a,amu,7, and ) used diffuse priors to allow the data to influence the
estimation as much as possible.[26] On the other hand, [ follows a Cauchy (i.e., Student-T
distribution with 1 degree of freedom) distribution, aligned with best practices for priors in logistic
regressions.[27] For mcases we used a more informative prior to improve the definition of the
binomial model, given that both of its parameters are estimated in the model.

The model was fitted to the training set. We used the trace plots and Gelman-Rubin's convergence
statistic (R-hat) to assess the mixing properties of the model, overlap across chains, and low
autocorrelation across iterations, with a cutoff of 1.1 to determine good mixing.[28] The analysis was
conducted in the R software using RJIAGS.[29]

Prediction and Validation

We used the posterior predictive distribution of the county-level ascertainment probability, P,
coefficients in combination with the ZIP Code-level data of the covariates to predict the probability
of ascertainment and the distribution of mcases at the ZIP Code-level.

Further, to account for the spatial correlation structure of the data we fitted the estimated mcases
from all ZIP Codes to a spatial random-effect intrinsic conditional autoregressive (ICAR) model for a
continuous outcome using the R-INLA package.[30,31] This model considers the spatial structure of
the data and smooths the outcome geographically by incorporating information from neighboring
ZIP Codes. The model is defined as follows:

https://preprints.jmir.org/preprint/50310 [unpublished, peer-reviewed preprint]
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mcase s, = a,+S;+e +¢; mcases; ~ Poisson (Eexp (a,+S+e;)) e,Vo*~,;Normal (0,0,)

SV~ ICAR ]

Where i denotes ZIP Code, and mcases; is the predicted values of total cases for each ZIP Code; E is
the offset in the Poisson distribution, i.e., the population in each ZIP Code; ¢, is the average relative
risk shared across areas; ¢ is the non-spatial (unstructured ) random effect for each ZIP Code and ¢,

its variance; $: is the spatial random effect that follows ICAR parameterized with its variance, ; ¢
is the measurement error. This analysis yielded mean and 95% credible intervals (95%CI) prevalence
for each ZIP Code.

We validated the prediction in two ways. First, county-to-county: We estimated the mean and 95%CI
of total cases for the four Georgian counties using the posterior predictive distribution of the logit
coefficients in combination with their respective data and compared our predictions to the CDC's
reported total cases. Second, ZIP Code-to-county: We aggregated the spatially smoothed estimates at
the ZIP Code-level to estimate the county-level HIV cases, and compared our predictions to the
county-level estimates. We used the estimates of the Department of Housing and Urban
Development to determine the proportion of a ZIP Code (combining residents and territory) that falls
into each county and adjust the number of cases accordingly.[32] We quantified prediction accuracy
using the Mean Absolute Error (MAE).

Ethics

This study obtained an ethics review waiver from the University of Washington IRB. This is a
secondary analysis of publicly available information where no primary data was collected, and
consent was not required.

Results

The distribution of the probability of ascertainment at the county-level, in the training set, was
relatively concentrated with a mean of 86.4% and a standard deviation of 3.45, along with long tails
(min: 79.3%, max: 94%; Inter-quantile range: 83.8%, 88.4%). We identified 25 potential predictors
of the probability of ascertainment and evaluated four sets of covariates, with the second one
showing the lowest MSE of 0.049 at optimum penalization. This set included predictors with the
highest explanatory power and lowest multicollinearity, including race/ethnicity, gender, age,
urbanicity, poverty, schooling, migration, insurance, and wealth inequality. Variables related to
income and employment were excluded due to low prediction capability. See Supplemental Materials
A for the variables included in each prediction set and their corresponding MSE at optimum
penalization.

Our Bayesian model showed good convergence and mixing properties. The Gelman-Rubin statistic
was below 1.02 for each parameter and the multifactorial statistic was 1.03. This shows that the 5
chains overlapped and converged to the posterior distribution. Supplemental Materials B provides a
visual depiction of the trace plot for each of the parameters in the final prediction model. Table 1
shows the coefficients included in the model and their mixing properties. We found that the mean
intercept (2.08 95%CI: 1.79, 2.47) had the highest impact on the estimation. Higher levels of young
(15-29 years) males, Non-Hispanic White, and uninsured populations are associated with a lower
capacity of the surveillance system to identify HIV cases. On the contrary, higher proportions of
people above the 150% federal poverty threshold, people that do not own a vehicle, and immigrants
residing in the ZIP Code are associated with a greater capacity to identify HIV cases. Although the
purpose of the analysis aimed at prediction and not inference, it is worth noting that none of these

https://preprints.jmir.org/preprint/50310 [unpublished, peer-reviewed preprint]
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coefficients, except for the intercept, were significantly different from zero at 95% of confidence
(Table 1).

Table 1. Variables with explanatory capacity over the probability of ascertainment, the
proportion of HIV cases identified by the surveillance system. Results from the hierarchical
Bayesian prediction model at the county-level for the coefficients and 95% credible intervals and
good mixing properties.

Variable Coefficient (95% CI?) Rhat"
Mean Intercept 2.08 (1.79 — 2.47) 1.02
Proportion of Male, 15-29 years -0.04 (-0.35-0.28) 1.00
of age population

Proportion of Non-Hispanic -0.09 (-0.47 — 0.25) 1.01
White population

Proportion of People above 150% 0.04 (-0.44 - 0.51) 1.02
of the federal poverty line

Proportion of people that do not 0.21 (-0.24 - 0.94) 1.02
own a vehicle

Proportion of immigrants 0.03 (-0.94 - 0.94) 1.01
residing in the ZIP Code

Proportion of uninsured -0.11 (-0.44 - 0.22) 1.00
population

Gini Coefficient of inequality 0.09 (-0.31 - 0.5) 1.02
Squared of proportion of 0.09 (-0.66 — 0.94) 1.01
immigrants

Proportion of people with less 0.03 (-0.44 - 0.48) 1.02
than high school degree squared

Proportion of people living 0.1 (-0.25-0.49) 1.00

outside the city squared
’95%CI: 95% credible interval;, Coefficients are the raw coefficients of the model output and represent a logit
transformation of conditional probabilities.

°Gelman-Rubin statistic for good mixing of the parameters in the Bayesian model. A Rhat below 1.1 indicates adequate
mixing.

Our model showed excellent prediction accuracy in the training set and both validations. We found
and average prediction error of 223 in the training set, with similar differences across counties
(Figure 1, panel A). The out-of-sample, county-to-county validation had an average error of 475
cases (mean of estimated cases 8,300), influenced by the difference in Fulton County, the region with
the highest cases in the test set (Figure 1, panel B). The second validation, Zip Code-to-county, had a
better performance with an average error of 400 cases (mean of estimated cases 8,875), due to an
important improvement in the prediction for Fulton County (Figure 1, panel C). The 95%ClIs of the
second validation are wider than the county-to-county prediction, reflecting the greater uncertainty
that comes from aggregating individual ZIP Code-data into a bigger geographic unit.

We found that the surveillance system's capacity to detect HIV cases, the probability of
ascertainment, varied from 78.4% (95%CI 24.4%, 99.3%, ZIP Code: 303322) to 93.8% (95%CI
80.6%, 99.8%, ZIP Code: 30337) (Table 2). The distribution of the ascertainment probability across
ZIP Codes had similar characteristics as the CDC's estimation at the county-level, with a mean of
87.1% (SD: 0.02, interquartile range: 81.7%, 92.5%). Spatially smoothed estimates produced slight
differences compared to the initially predicted total, diagnosed and undiagnosed, cases because it
accounts for the spatial autocorrelation of the HIV cases distribution, preventing large fluctuations

https://preprints.jmir.org/preprint/50310 [unpublished, peer-reviewed preprint]



JMIR Preprints

Saldarriaga et a

across neighboring ZIP Codes. The additional parameters introduced in the model to account for the
spatial structure introduce another layer of uncertainty in the estimation producing a wider 95%CI.
Post smoothing, the predicted total HIV cases varied from 12 (95%CI 6, 19, ZIP Code: 30322) to
1,603 (95%CI 1,209, 1,968, ZIP Code: 30318) cases (Table 2).

Table 2. Results of the prediction of total, diagnosed and undiagnosed, HIV cases in 2018 for
each ZIP Code in Atlanta, Georgia. For each ZIP Code it is reported the prediction of probability
of ascertainment, total cases, and prevalence.*

Estimated Probability

Spatially Smoothed

ZIP Populatio  Diagnosed of Ascertainment Predicted Total Total Cases Estimated
Code n Cases® (95%ClI)° Cases (95%CI)? (95%ClI)° Prevalence (95%CI)"
30322 2,025 5 0.784 (0.244 - 0.993) 6(6-8) 12 (6 - 19) 544 (283 - 918)
30620 9,555 15 0.808 (0.642 - 0.920) 18 (17 - 21) 20 (12 - 31) 207 (123 - 320)
30011 11,375 24 0.809 (0.687 - 0.905) 30 (26 - 36) 31 (21 - 45) 269 (177 - 389)
30185 3,258 10 0.812 (0.481 - 0.973) 12 (11 - 13) 14 (8 - 21) 402 (227 - 641)
30115 28,314 47 0.828 (0.673 - 0.933) 53 (49 - 63) 55 (39 - 78) 194 (134 - 272)
30336 817 45 0.831 (0.510 - 0.977) 54 (48 - 64) 45 (30 - 62) 5,470 (3,671 - 7,566)
30157 35,574 90 0.833 (0.685 - 0.937) 106 (96 - 127) 112 (82 - 151) 312 (230 - 424)
30548 12,791 22 0.835 (0.654 - 0.948) 26 (23 - 43) 29 (19 - 42) 221 (142 - 325)
30187 7,240 16 0.836 (0.652 - 0.950) 19 (17 - 25) 22 (14 - 34) 302 (186 - 458)
30290 6,767 9 0.837 (0.646 - 0.953) 11 (10 - 12) 16 (9 - 26) 229 (127 - 372)
30680 29,862 86 0.840 (0.749 - 0.913) 98 (89 - 114) 98 (71 - 131) 325 (235 - 438)
30044 62,360 333 0.840 (0.620 - 0.955) 397 (371 - 435) 399 (306 - 516) 639 (489 - 827)
30144 43,494 127 0.842 (0.767 - 0.899) 141 (130 - 162) 145 (108 - 192) 331 (248 - 440)
30141 17,848 63 0.842 (0.716 - 0.935) 70 (65 - 83) 72 (52 - 100) 403 (286 - 557)
30043 65,722 278 0.842 (0.693 - 0.936) 314 (286 - 362) 311 (237 - 402) 473 (360 - 611)
30047 48,671 183 0.844 (0.673 - 0.944) 206 (188 - 244) 221 (169 - 299) 453 (345 - 613)
30228 30,250 206 0.844 (0.730 - 0.932) 242 (219 - 284) 242 (184 - 316) 800 (606 - 1,044)
30116 18,726 47 0.844 (0.725 - 0.925) 54 (48 - 65) 57 (40 - 79) 301 (210 - 421)
30052 47,059 136 0.846 (0.766 - 0.914) 159 (147 - 177) 167 (126 - 225) 355 (267 - 477)
30273 11,686 122 0.846 (0.686 - 0.946) 133 (123 - 158) 135 (100 - 181) 1,154 (854 - 1,542)
30019 31,148 76 0.846 (0.749 - 0.923) 86 (79 - 102) 91 (67 - 123) 290 (213 - 393)
30101 42,914 109 0.847 (0.743 - 0.924) 122 (110 - 154) 126 (94 - 169) 293 (217 - 393)
30102 30,259 82 0.848 (0.788 - 0.902) 89 (83 - 116) 91 (66 - 124) 299 (215 - 408)
30094 25,969 114 0.849 (0.719 - 0.947) 131 (119 - 149) 138 (103 - 188) 530 (393 - 721)
30135 49,620 261 0.849 (0.745 - 0.932) 292 (267 - 348) 310 (239 - 414) 623 (481 - 832)
30188 42,242 98 0.850 (0.752 - 0.926) 114 (106 - 125) 116 (86 - 155) 273 (201 - 366)
30518 35,103 86 0.850 (0.742 - 0.924) 110 (89 - 179) 109 (79 - 145) 309 (225 - 413)
30122 17,380 126 0.851 (0.747 - 0.929) 146 (137 - 158) 151 (113 - 202) 867 (650 - 1,158)
30180 26,901 92 0.851 (0.730 - 0.938) 110 (99 - 127) 111 (81 - 149) 411 (301 - 551)
30084 29,498 323 0.851 (0.708 - 0.940) 356 (327 - 440) 364 (281 - 475) 1,234 (952 - 1,610)
30296 20,453 289 0.851 (0.703 - 0.949) 350 (305 - 442) 348 (264 - 450) 1,698 (1,288 - 2,198)
30066 44,095 112 0.853 (0.761 - 0.924) 130 (121 - 142) 135 (101 - 182) 306 (227 - 411)
30152 32,736 73 0.853 (0.758 - 0.924) 83 (77 - 92) 90 (66 - 124) 274 (200 - 377)
30288 7,113 85 0.854 (0.711 - 0.944) 96 (87 - 119) 104 (76 - 143) 1,452 (1,066 - 1,998)
30360 11,499 99 0.854 (0.677 - 0.952) 110 (102 - 121) 113 (83 - 151) 976 (721 - 1,308)
30062 50,752 135 0.854 (0.750 - 0.928) 147 (137 - 171) 156 (118 - 210) 306 (231 - 412)
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30238 26,958 327 0.854 (0.733 - 0.943) 391 (359 - 437) 380 (288 - 486) 1,409 (1,066 - 1,802)
30274 25,113 390 0.855 (0.705 - 0.953) 449 (408 - 518) 451 (344 - 586) 1,793 (1,367 - 2,333)
30040 42,515 71 0.855 (0.744 - 0.931) 84 (77 - 96) 86 (62 - 116) 200 (145 - 273)
30045 26,378 158 0.855 (0.764 - 0.925) 185 (170 - 207) 180 (135 - 234) 682 (508 - 885)
30068 26,214 54 0.855 (0.707 - 0.951) 62 (55 - 88) 71 (51 - 100) 268 (191 - 380)
30041 40,910 45 0.855 (0.740 - 0.935) 52 (49 - 59) 57 (40 - 80) 137 (95 - 193)
30223 29,873 141 0.856 (0.727 - 0.943) 167 (157 - 179) 169 (125 - 225) 563 (418 - 751)
30024 49,646 70 0.857 (0.734 - 0.936) 81 (74 - 96) 87 (64 - 120) 175 (127 - 241)
30134 33,990 190 0.857 (0.781 - 0.923) 224 (205 - 255) 220 (165 - 284) 645 (485 - 833)
30127 48,410 213 0.857 (0.767 - 0.929) 267 (218 - 418) 268 (204 - 347) 552 (421 - 715)
30004 41,905 88 0.858 (0.674 - 0.953) 99 (92 - 113) 103 (76 - 138) 244 (180 - 328)
30008 23,733 206 0.858 (0.712 - 0.946) 242 (221 - 279) 239 (180 - 311) 1,006 (754 - 1,310)
30064 38,014 111 0.859 (0.727 - 0.944) 129 (116 - 159) 139 (104 - 191) 365 (273 - 500)
30297 21,029 270 0.860 (0.640 - 0.967) 318 (287 - 369) 330 (254 - 435) 1,566 (1,205 - 2,068)
30017 16,202 58 0.860 (0.762 - 0.934) 71 (62 - 85) 73 (52 - 100) 446 (316 - 613)
30022 51,531 101 0.860 (0.710 - 0.946) 115 (106 - 131) 126 (94 - 173) 244 (182 - 335)
30517 9,402 22 0.860 (0.740 - 0.937) 25 (23 - 28) 26 (16 - 39) 272 (170 - 406)
30260 18,756 208 0.861 (0.713 - 0.947) 246 (219 - 308) 248 (187 - 324) 1,318 (997 - 1,727)
30078 27,153 82 0.861 (0.770 - 0.926) 97 (89 - 108) 103 (76 - 140) 378 (278 - 515)
30294 31,907 410 0.861 (0.718 - 0.962) 465 (425 - 543) 472 (365 - 613) 1,479 (1,141 - 1,921)
30281 53,251 344 0.861 (0.787 - 0.929) 405 (361 - 511) 422 (327 - 559) 792 (613 - 1,048)
30012 21,806 128 0.861 (0.797 - 0.917) 144 (130 - 173) 149 (111 - 199) 680 (508 - 910)
30519 31,440 83 0.861 (0.782 - 0.923) 98 (89 - 114) 98 (72 - 131) 310 (227 - 414)
30046 26,803 171 0.862 (0.692 - 0.954) 201 (182 - 236) 198 (148 - 258) 737 (549 - 962)
30214 24,544 94 0.862 (0.778 - 0.928) 108 (97 - 144) 119 (88 - 163) 482 (359 - 664)
30039 32,759 209 0.862 (0.756 - 0.938) 246 (217 - 327) 246 (187 - 321) 751 (568 - 979)
30236 37,594 353 0.863 (0.758 - 0.938) 427 (372 - 542) 438 (338 - 572) 1,163 (898 - 1,519)
30291 16,189 288 0.865 (0.731 - 0.962) 341 (307 - 408) 336 (254 - 436) 2,075 (1,563 - 2,691)
30215 27,869 68 0.865 (0.750 - 0.945) 79 (72 - 91) 87 (63 - 122) 312 (226 - 437)
30096 50,607 292 0.867 (0.661 - 0.966) 333 (303 - 382) 336 (257 - 438) 663 (506 - 864)
30313 8,986 217 0.867 (0.470 - 0.996) 249 (230 - 276) 263 (201 - 353) 2,923 (2,233 - 3,927)
30082 21,068 150 0.867 (0.799 - 0.924) 163 (152 - 186) 173 (130 - 233) 817 (616 - 1,105)
30106 16,327 144 0.868 (0.792 - 0.933) 175 (145 - 307) 173 (130 - 224) 1,055 (792 - 1,372)
30067 37,132 378 0.869 (0.702 - 0.958) 437 (383 - 606) 425 (322 - 543) 1,144 (867 - 1,461)
30168 18,630 223 0.869 (0.715 - 0.959) 255 (232 - 296) 259 (196 - 341) 1,386 (1,049 - 1,827)
30263 42,899 148 0.870 (0.803 - 0.926) 170 (154 - 208) 173 (129 - 231) 402 (300 - 536)
30316 26,540 681 0.870 (0.792 - 0.939) 753 (685 - 979) 747 (576 - 956) 2,815 (2,168 - 3,598)
30092 25,374 238 0.871 (0.774 - 0.937) 279 (258 - 305) 269 (202 - 344) 1,058 (794 - 1,355)
30087 30,536 291 0.871 (0.793 - 0.937) 345 (319 - 380) 351 (269 - 459) 1,147 (878 - 1,501)
30060 27,193 338 0.872 (0.676 - 0.974) 392 (348 - 500) 359 (267 - 447) 1,318 (979 - 1,643)
30075 43,221 102 0.873 (0.753 - 0.957) 117 (106 - 134) 124 (92 - 167) 285 (212 - 384)
30033 26,667 288 0.873 (0.735 - 0.954) 309 (289 - 358) 321 (248 - 424) 1,203 (927 - 1,589)
30213 22,991 286 0.875 (0.787 - 0.947) 331 (299 - 400) 324 (246 - 414) 1,405 (1,066 - 1,799)
30306 19,383 320 0.877 (0.681 - 0.977) 400 (348 - 499) 412 (317 - 540) 2,121 (1,635 - 2,783)
30038 29,768 448 0.877 (0.766 - 0.961) 519 (453 - 743) 510 (389 - 651) 1,710 (1,306 - 2,185)
30005 26,601 54 0.877 (0.713 - 0.964) 64 (58 - 73) 65 (46 - 88) 242 (173 - 330)
30088 20,776 386 0.879 (0.753 - 0.965) 424 (391 - 509) 426 (325 - 554) 2,047 (1,560 - 2,665)
30093 40,020 407 0.879 (0.624 - 0.988) 444 (411 - 540) 439 (335 - 565) 1,096 (836 - 1,410)
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30097 33,645 72 0.880 (0.655 - 0.978) 79 (73 - 97) 85 (62 - 117) 252 (183 - 348)
30268 7,321 47 0.880 (0.828 - 0.928) 55 (51 - 59) 54 (38 - 74) 728 (506 - 1,004)
30303 5,802 374 0.881 (0.604 - 0.989) 435 (399 - 494) 425 (322 - 544) 7,316 (5,537 - 9,370)
30126 29,079 246 0.882 (0.783 - 0.948) 288 (258 - 356) 307 (236 - 411) 1,052 (811 - 1,412)
30071 17,776 147 0.882 (0.763 - 0.963) 167 (151 - 198) 170 (127 - 225) 953 (714 - 1,263)
30349 53,049 1314 0.883 (0.766 - 0.965) 1,569 (1,404 - 1,895) 1,529 (1,178 - 1,925) 2,882 (2,219 - 3,628)
30034 35,492 751 0.883 (0.759 - 0.969) 896 (804 - 1,050) 896 (689 - 1,155) 2,523 (1,939 - 3,253)
30058 42,033 604 0.885 (0.779 - 0.965) 660 (615 - 760) 657 (504 - 845) 1,563 (1,199 - 2,010)
30035 16,431 406 0.886 (0.745 - 0.974) 481 (436 - 546) 474 (361 - 607) 2,879 (2,193 - 3,691)
30319 33,090 226 0.886 (0.773 - 0.958) 261 (241 - 286) 282 (218 - 380) 851 (658 - 1,148)
30076 34,194 159 0.886 (0.756 - 0.966) 185 (173 - 204) 182 (136 - 238) 532 (397 - 695)
30327 18,566 88 0.887 (0.618 - 0.991) 105 (96 - 122) 116 (86 - 161) 622 (460 - 863)
30080 41,276 369 0.889 (0.794 - 0.953) 434 (400 - 485) 446 (344 - 585) 1,079 (831 - 1,417)
30340 23,411 313 0.889 (0.734 - 0.980) 370 (330 - 446) 365 (277 - 471) 1,559 (1,182 - 2,011)
30079 2,303 46 0.890 (0.790 - 0.962) 56 (49 - 75) 56 (39 - 76) 2,401 (1,684 - 3,298)
30083 40,539 889 0.891 (0.751 - 0.970) 1,044 (958 - 1,186) 1,030 (793-1,310) 2,539 (1,955 - 3,230)
30345 19,229 314 0.891 (0.769 - 0.972) 366 (327 - 430) 361 (274 - 466) 1,877 (1,423 - 2,423)
30305 20,213 190 0.892 (0.634 - 0.990) 219 (203 - 240) 233 (178 - 315) 1,152 (880 - 1,554)
30338 27,250 106 0.893 (0.762 - 0.966) 121 (115 - 129) 135 (101 - 187) 493 (368 - 683)
30341 26,593 359 0.893 (0.751 - 0.974) 434 (377 - 556) 425 (323 - 544) 1,597 (1,213 - 2,046)
30009 11,321 36 0.894 (0.781 - 0.965) 41 (38 - 46) 41 (28 - 58) 361 (243 - 511)
30030 22,190 227 0.895 (0.795 - 0.962) 267 (246 - 300) 282 (216 - 377) 1,267 (972 - 1,697)
30032 39,653 1096 0.895(0.750-0.979) 1,299 (1,186 - 1,475) 1,265 (971-1,594) 3,188 (2,448 - 4,020)
30354 11,767 341 0.899 (0.742 - 0.988) 532 (344 - 1,397) 517 (392 - 657) 4,386 (3,327 - 5,580)
30350 29,308 381 0.899 (0.751 - 0.978) 449 (401 - 540) 412 (305 - 513) 1,403 (1,040 - 1,748)
30307 15,228 194 0.900 (0.719 - 0.984) 226 (207 - 257) 233 (177 - 307) 1,524 (1,161 - 2,013)
30339 16,535 209 0.901 (0.794 - 0.968) 249 (221 - 305) 247 (187 - 322) 1,493 (1,125 - 1,943)
30329 23,563 459 0.904 (0.760 - 0.982) 529 (470 - 675) 518 (394 - 662) 2,196 (1,672 - 2,806)
30314 19,238 949 0.906 (0.710 - 0.992) 1,042 (963 - 1,215) 1,033 (793-1,324) 5,367 (4,117 - 6,881)
30344 25,758 833 0.907 (0.781 - 0.985) 974 (866 - 1,160) 976 (754 - 1,254) 3,787 (2,925 - 4,867)
30317 10,172 207 0.908 (0.807 - 0.973) 236 (210 - 327) 237 (178 - 311) 2,323 (1,750 - 3,048)
30021 17,016 350 0.909 (0.517 - 0.999) 419 (371 - 521) 416 (317 - 537) 2,443 (1,859 - 3,156)
30331 43,649 914 0.909 (0.788 - 0.981) 1,076 (960 - 1,297) 1,073 (829 -1,372) 2,457 (1,899 - 3,143)
30324 21,720 960 0.910 (0.823 - 0.977) 1,061 (987 - 1,190) 1,000 (752 - 1,248) 4,601 (3,459 - 5,744)
30309 20,415 759 0.913 (0.735 - 0.990) 883 (819 - 976) 860 (656 - 1,091) 4,210 (3,209 - 5,341)
30002 4,783 88 0.914 (0.840 - 0.977) 99 (92 - 116) 101 (74 - 136) 2,102 (1,533 - 2,840)
30318 41,426 1592 0.915(0.782-0.986) 1,730 (1,605 - 2,059) 1,603 (1,209 - 1,968) 3,868 (2,917 - 4,749)
30363 2,573 32 0.915 (0.696 - 0.995) 38 (35 - 42) 42 (28 - 60) 1,597 (1,061 - 2,319)
30342 23,898 206 0.915 (0.759 - 0.988) 241 (218 - 289) 245 (186 - 322) 1,023 (777 - 1,344)
30328 25,905 179 0.918 (0.795 - 0.983) 223 (198 - 261) 225 (172 - 294) 868 (661 - 1,133)
30308 14,473 851 0.923 (0.777 - 0.993) 998 (909 - 1,160) 963 (731 - 1,215) 6,648 (5,051 - 8,389)
30346 4,259 50 0.923 (0.755 - 0.992) 60 (55 - 67) 58 (41 - 80) 1,359 (948 - 1,867)
30326 4,496 69 0.924 (0.791 - 0.992) 76 (71 - 83) 77 (55 - 104) 1,694 (1,211 - 2,307)
30312 16,571 634 0.924 (0.809 - 0.989) 702 (644 - 812) 698 (537 - 896) 4,212 (3,238 - 5,402)
30315 26,881 1004 0.925(0.773-0.992) 1,190 (1,061 -1,397)  1,175(902-1,499) 4,368 (3,355 - 5,573)
30311 26,100 789 0.928 (0.744 - 0.997) 932 (852 - 1,050) 942 (727 - 1,222) 3,607 (2,783 - 4,679)
30310 22,088 967 0.930 (0.711 - 0.998) 1,100 (1,021 -1,235) 1,095 (845 - 1,402) 4,955 (3,822 - 6,344)
30337 9,185 284 0.938 (0.806 - 0.998) 331 (310 - 357) 330 (250 - 429) 3,587 (2,716 - 4,665)
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*Data is sorted increasingly by the probability of ascertainment. The Probability of Ascertainment was approximated to 3-
decimal digits. Total cases approximated to the nearest unit.

°Diagnosed cases: HIV cases identified by the surveillance system in each ZIP Code in Atlanta Georgia in 2018. Data
collected from Emory University’s data visualization tool AIDSVu.

“Probability of Ascertainment: Passive surveillance system's capacity to diagnose and report an HIV case at the ZIP
Code-level and 95% credible interval (95%CI). Estimated using the results of the hierarchical Bayesian prediction model
at the county-level coupled with ZIP Code level data of sociodemographic determinants of HIV spreading collected from
the American Community Survey (ACS).

“Predicted Total cases: Diagnosed and undiagnosed cases of HIV. Estimated using the predictive posterior distribution of
the coefficients of the probability of ascertainment applied to Zip Code-level data of sociodemographic determinants of
HIV spreading and diagnosed HIV cases collected from AIDSVu.

“Spatially Smoothed Total Cases: Predicted Total Cases after applying the spatially smoothing model to account for the
spatial autocorrelation of the HIV cases.

‘Prevalence: Cases per 100,000 people. Estimated using the spatially smoothed total cases.

We found that the prevalence of HIV presented only slight differences after the addition of
undiagnosed cases in several areas of Atlanta (Figure 2, panel A). Nonetheless, there are noticeable
differences in the outer areas of the city, specifically the north and west regions. This is more easily
observed in the geographical distribution of the probability of ascertainment, where distance from the
city-center is negatively correlated to the proportion of HIV cases captured by the surveillance
system (Figure 2, panel B). Furthermore, the uncertainty in the estimation varies across ZIP Codes
and increases relative to the closeness to the city-center: the further from the city-center the higher
the uncertainty, particularly for ZIP Codes located in the southwest area (Figure 2, panel C).

Discussion

We used a hierarchical Bayesian model to predict the number of total, diagnosed and undiagnosed,
HIV cases at the ZIP Code-level in Atlanta using passive surveillance data and social determinants of
HIV spreading as data inputs. Our model showed good mixing properties and excellent predictive
accuracy in the training set and both validations, county-to-county and ZIP code-to-county. The use
of Bayesian statistics in our analytical approach allowed us to incorporate the complexities of the
data generation process in the prediction model, as well as the main sources of uncertainty to obtain
reliable estimates.[33] Furthermore, we fitted the data to a spatial statistics model to account for the
spatial autocorrelation of the data and obtain internally consistent estimates throughout all ZIP Codes
within the city.

On average, our prediction efforts were 475 cases further from the CDC estimates in the county-to-
county validation using the four Georgia counties included in the EHE. This prediction error was 252
cases greater than the same metric in the training set. There are two main reasons for such a
difference in accuracy. First, the prediction was entirely out-of-sample, which means that the training
set did not use any information of the Georgia counties to estimate the coefficients, and therefore
higher errors are expected.[34] Second, the validation set had fewer observations, so the errors of
every county had a greater weight on the MAE. This is particularly evident for Fulton County whose
performance improvement in the ZIP Code-to-county validation led to a reduction of 75 cases in the
overall MAE, compared to the county-to-county validation. The prediction on all sets generated
narrower uncertainty bounds compared to the CDC-reported estimates. This is likely a byproduct the
low variability observed in the probability of ascertainment in the train set, which ranges from 79.3%
to 94%, and the high-accuracy of the predictors of the probability of ascertainment (Table 1).
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These estimates highlight significant differences in the capacity of the surveillance system to identify
HIV cases varies across ZIP Codes, varying from 78.4% to 93.8% (Table 2). Rather than differential
efforts made by the local departments of health to detect HIV cases, we believe the estimated
variability is a consequence of the number of cases arising from each ZIP Code (in areas with fewer
cases, detecting each additional one demands greater efforts), and differences in key social
determinants of health which influence healthcare-seeking behavior and access to healthcare
services.[24,35] This implies that the same effort to identify HIV cases through the promotion of
diagnosis and awareness would yield varying results depending on the ZIP Code and its demographic
characteristics. To achieve equality in the diagnosis of HIV within a city, it is important to recognize
that certain communities have a greater concentration of people not seeking care in traditional
settings (i.e., hospitals and clinics), due to lack of insurance, poverty, housing insecurity, limited
availability of services, stigma, and discrimination.[36,37] Therefore, these communities require
greater outreach efforts. Our results suggest that the ZIP Codes farther from the city-center are more
prone to depict lower ascertainment probabilities, which echoes the findings from studies on the
impact of rurality on HIV testing outcomes.[38]

Another implication of our findings is the effect on the assessment of the relative burden of HIV
across ZIP Codes once undiagnosed cases are accounted for in the estimation of prevalence. Adding
undiagnosed cases allows for a more realistic identification of high-risk and underserved areas and
permits a more efficient allocation of resources.[39,40] While this is relevant for a citywide
assessment, we believe the most benefits would be extracted at the county-level given that the
organizational structure of the Local Health Departments in Atlanta and the Georgia Department of
Public Health follows a shared governance model.[41] This is particularly important for counties
whose ZIP codes have relatively low prevalence of HIV, such as Cobb and Gwinnett, where the
addition of even a few undiagnosed cases could reveal a different distribution of risk across areas,
suggesting greater needs for HIV-related services than previously thought. Under this governance
model, local departments have some autonomy to make decisions on delivery of health services and
allocations of resources, and effectively represent the first line of protection against public health
threats.[42] Thus, our results could provide important evidence of the true burden of disease within
counties and help inform programmatic activities to increase outreach and enhance delivery services
in underserved areas.

This study has limitations. First, the capacity of the HIV surveillance system to identify cases across
different jurisdictions is likely influenced by several factors, including collection and storage of data
capacities, testing and diagnosis infrastructure, individual’s health care seeking behavior,
determinants of access to care, population growth and migration patterns, as well as the legal and
policy framework.[43,44] Of these, we focused on social determinants of health in our analysis,
which fairly represented healthcare care seeking behavior and demographic characteristics. However,
we lacked information mainly on the supply side of healthcare resources (e.g., healthcare resources
used to provide HIV-related services such as facilitates, pharmacies, and personnel), and
determinants of the disease status (e.g., proportion of men who have sex with men, intravenous drug
users, sexual workers). Increasing the diversity of prediction variables could improve the accuracy of
the ascertainment probability estimates and provide greater insight in the determinants of the
surveillance system’s ascertainment capacity. Second, given that the main purpose of this analysis
was to provide a path to estimate undiagnosed cases at the ZIP Code level, which is otherwise
unavailable, we were not able to conduct a ZIP Code to ZIP Code validation. The second validation,
ZIP Code-to-county, provides a contrast for the ZIP Code-aggregated results, but it is not a complete
assessment at the ZIP Code level because the conclusions are drawn for counties. Directly validating
ZIP Code data would only be possible if ZIP Code level undiagnosed cases are estimated using
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alternative statistical modeling approaches, for example by leveraging surveillance laboratory data,
or by directly conducting prevalence studies with such geographic granularity built-in.[45,46]

Conclusions

This study’s main conclusions are twofold. First, given how heterogeneous the ascertainment
probability is at a ZIP Code level, correcting for undiagnosed cases is not a trivial process and has
the potential to change the relative burden of disease within a city and more importantly in a county.
Our study described a robust statistical approach, solely based on publicly available data, which can
effectively complement the information obtained from passive surveillance, especially when more
resource-intensive approaches (such as laboratory-based estimations) are not available or are
unfeasible to implement.

Second, our results suggest that the public health system’s case identification capacity diminishes as
ZIP Codes move further from the city center. This is not surprising given that this is a passive system
that relies on potentially infected people to seek diagnostic services, and the availability of such
services reduces the further away from urban centers. Future resource allocation decisions should
consider the need for a greater presence of the public health system in those areas to increase the
likelihood of identifying HIV cases and referring them to treatment.
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Accuracy assessment of the Bayesian hierarchical model for the prediction of total, diagnosed and undiagnosed, HIV casesin
2018 in the (A) forty-four countiesincluded in the training set, the (B) four counties in the conunty-to-county validations, and
at the (C) ZIP Code level prediction aggregated at the county level. Key: PLWHI: People Living with HIV; 95%Cl: 95%

credible intervals.

{A] lBI Valdubon 1: Predeios Cously i Colinty
Vigar Sbacuin [ 475
Prediction in the Training Set i
Mean Absohie Enmor: 223
Loa Bnguien, CA -
twrim T -
kel Do T =
WY Hem
Maw Yol HY ot
Birgu_ -
...... i F -
¥ Lk | .
Vel gk v A .-
A A Ll
58S Frimbsiba, LA =
ark, hY -
Rivernica ChA -
[Toe &7y, il - i
carup § I
Euwar il
A _. - - .
E L - » 0N Mncaind FLEI i)
=1 ” Ll #  PrialeCied
ﬂ = Tl IC} ValdaBon 2- Predcbos Zip-code 10 County
i ':\. - Maan Sbesivie Enoe 420
TS =l
Fral, FL -
Al SA e 8
e TH =
Bakirars ci, ki -
Wi bl '\. Had
ol N -
T, TH it}
Frankin, (8l -
s FaHn . LA ol e -
T L] e -E
S— i
proaga, O -
TN, G .
Talas, FL 'l'I
T Bougs Farish LA it
s Geome'n, KT &
v -
L roma L L0 Ll
PLIWHIY (B5%CT)
ey D

https://preprints.jmir.org/preprint/50310

[unpublished, peer-reviewed preprint]



JMIR Preprints

Saldarriaga et a

Estimated Prevalence of HIV in 2018 at the ZIP Code-level. (A) Comparing passive surveillance data (diagnoses cases only)
and predicted (total cases), (B) Predicted proportion of casesidentified through passive surveillance, and (C) Measure of
uncertainty in the prediction of undiagnosed cases. Key: 95%Cl: 95% credible intervals.
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Variables included in the feature selection algorithm for the prediction model.
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