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Abstract

Small-Area Estimation of HIV Diagnoses in the United States: Cross-Validation of a
Transmission Model using Jurisdictional Data

By Kevin Weiss

Background:

Human immunodeficiency virus (HIV) infection remains a major public health issue in
the United States, with an estimated 1.2 million persons living with HIV at the end of
2012. Accurate estimation of HIV incidence at state and sub-national levels is a key goal
for further characterization of and resource allocation to the HIV epidemic. The HIV care
continuum, a framework for care and treatment engagement, is a rich data source for
national and local data that can inform incidence estimation.

Methods:

National and state HIV surveillance data from AIDSVu.org and the Centers for Disease
Control and Prevention were used to populate a web tool, reflecting a published
biological transmission probability model, with estimates of the percent of individuals at
each level of the HIV care continuum in order to produce state-specific estimates of HIV
transmissions. New diagnoses were used as a proxy for incidence. Multiple linear
regression was used to investigate and predict the association between 2012
transmissions estimates and new diagnoses in 2013, accounting for social determinants of
health, including, income inequality, racial makeup, health insurance, education, and
poverty. Models fit included three classes: prevalence, predicted transmissions, and
predicted transmissions reflecting state-specific estimates of the proportion of
undiagnosed HIV infection.

Results:

Prevalence-only models accounted for 89% of the variation in 2013 HIV diagnoses,
while models reflecting state-level variability in the proportion of cases undiagnosed
accounted for up to 35% of the unexplained variation. Inclusion of social determinants of
health improved predictive ability to account for 50% of the variation unexplained by
prevalence (adjusted R*=0.95). Regression coefficients for predicted HIV transmissions
were statistically significant, and could not rule out a 1:1 correspondence between
transmissions and new diagnoses.

Conclusions:

A continuum-based approach to estimation can accurately predict new HIV diagnoses in
2013 with a limited amount of local data on social determinants of health. Further
continuum stratification, reflecting the targeting of prevention efforts to particular groups,
is supported by this methodology. Incorporation of information from state and local
jurisdictions can allow for refinement of models and methods to maximize the predictive
value for HIV diagnoses.



Small-Area Estimation of HIV Diagnoses in the United States: Cross-Validation of a
Transmission Model using Jurisdictional Data

Kevin Weiss

B.S.
University of Michigan — Ann Arbor

2014

Thesis Committee Chair: Eli Rosenberg, Ph.D

A thesis submitted to the Faculty
of the Rollins School of Public Health of Emory University
in partial fulfillment of the requirements for the degree of
Master of Public Health/Master of Science in Public Health
in Global Epidemiology
2016



Acknowledgements

I would like to thank Dr. Eli Rosenberg, my faculty thesis advisor, for all of his support,
comments, and thoughtful and insightful advice throughout this process. From the day
when we first discussed this idea, I have been fascinated by the possibilities that it might
have, and for that, I am thankful to you for supporting my love of learning. I am grateful
to CDC and the various state health departments represented here for tracking all of this
information and making it publically available. I am thankful to Dr. Patrick Sullivan and
the entire PRISM team for the time I have had, the wonderful work and professional
experience, and the endless support and guidance you have provided over the last two
years. | am appreciative of the Epidemiology and Rollins cohort for their support,
entertainment, and much more over the course of this program and this process. Here’s to
a successful step for all of us into public health practice, and I know I will see everyone
again as we work to understand, reduce, and eliminate health disparities. Lastly, I would
like to thank my family for their unconditional love, support, and guidance. You have
made this academic journey and my life possible, and I cannot begin to express my
gratitude for all that you have allowed for and encouraged.



Table of Contents

BacKGIOUNd.......oooviiiiieiiecie et ettt beeenbeeneas 1
Extra Data Source Considerations...........coceeieruieierienieriienieneeie e 4
IMEEEROAS. ...ttt ettt ettt ettt ettt st b et she et et 5
INEW DIAZNOSES.....euvieiieeiieeiieeiee et etteete et e seteebeeseaeebeesabeesbeessaeenseessseesseessseenseesnseenseennns 5
Social Determinants of Health Covariates ............cocoeoerieriniiiienieeneeeeeee e 5
Transmissions and Care Continuum EStIMAates ..........cceevverieneeiienienieniienieniecienceieeene 6
Data ANALYSIS c..veeiiiieiieeie ettt et bbb e e taeenbeebaeenbeenneas 7
RESUILS ..ttt ettt et sttt et b e et sae et et 9
DIESCUSSION ...ttt ettt ettt ettt et s b e bt e st e sbe e bt eateebe e beeneesaeenee 11
RETEIEINCES ...ttt ettt ettt e sae e 19
Tables and FIGUIES .....cc.ceeiiiiiiieiiecieeieece ettt ettt e et e e esaeenbeenseeenns 23
21 o) (< OO OO PUS PP 23
TADIE 2. e ettt et 23
21 o) (K OO P USSP PP 24
FAGUIE 1 oottt ettt et e et e st e e bt e e nbeeseesnseenseeenne 25
FAGUIE 2 .ottt ettt e et e et e et e et e e b e e neeeabeeneeenne 26

FIGUIE 3 ettt sttt ettt et b et et nae et et 27



Background

Human immunodeficiency virus (HIV) infection burden has remained at a
substantial level in the United States, with the Centers for Disease Control and Prevention
(CDC) estimating that the number of persons living with HIV increased nearly 9% from
2007 to the figure of 1.2 million persons at the end of 2012 (1). National estimates of the
percentage of persons living with HIV who are aware of their status range from 80-85%,
with a goal of the National HIV/AIDS Strategy (NHAS) being to increase that percentage
to 90% (1-3).

The number of new infections estimated to occur every year is thought to have
remained stable at around 50,000 infections since the early 2000’s (4). Most recently,
CDC estimates of annual new infections were 47,500 in 2008 and 2010, with 45,000
predicted in 2009 (5). CDC has not published annual HIV incidence estimates since 2010,
rather releasing diagnosis data adjusted for reporting delays and missing information.
NHAS plans to adopt this approach to monitoring new infections in 2016 (3, 5).

One recently proposed incidence estimation method uses routinely collected HIV
testing history from newly diagnosed cases to model the number of individuals who are
undiagnosed with infection in a local jurisdiction (6). The second method, accounting for
undiagnosed HIV infection at national and state levels, uses back-calculation
incorporating disease severity at diagnosis, death records, lab results, and the estimated
yearly total of HIV diagnoses (1, 4, 7). State-level estimates of the undiagnosed
proportion are available for each year from 2008-2012, while national estimates of the
undiagnosed proportion are available for each year between 2009 and 2012. A third

method, focusing on transmissions rather than incidence rates, is the basis of the



calculations in this analysis. This model applies biological transmission probabilities,
calculated from national surveys, to 2009 national care continuum data to estimate rates
and the number of HIV transmissions at each level of the HIV care continuum (8). This
model was calibrated to the 2009 national estimate of 45,000 transmissions per year and
thus may not say anything new about national incidence, but may have some novel
application for prediction of subnational incidence. Different methods have led to
different conclusions, with estimation remaining a key barrier to diagnosing the true
scope of the HIV epidemic in the United States.

In the United States, the HIV care continuum cascade is a framework for
understanding care engagement (3, 9, 10). It outlines sequential steps of care and
treatment from the time of diagnosis to the achievement of viral suppression, including:
diagnosis of HIV infection, linkage to care, engagement or retention in care, prescription
of antiretroviral therapy (ART), and suppression of viral load (11). The reduction of
disease burden, morbidity, and mortality due to HIV infection relies on providing
effective medical treatment to and averting new transmissions from individuals at each
stage of the continuum. Recent transmission modeling research posits that nearly one-
third of ongoing HIV transmissions are contributed by those unaware of their infection
(8). Valid and precise estimation of individuals present at each level of the cascade is a
vital component of designing prevention programs aimed at reducing HIV transmission
(12).

There is a need for local data to estimate and determine the small-area, local
burden of HIV incidence, as state and local health departments may determine how

resources are deployed and allocated based on cases or new diagnoses. These



departments serve as a source of CDC continuum estimates through collection of HIV
diagnoses within their borders and, for participating sites, through the provision of
laboratory data and participation in the Medical Monitoring Project (MMP) (13, 14). The
care continuum can provide one locally available data source to inform incidence
estimation, and recent models have demonstrated how the national continuum can be
leveraged to make inferences about incidence (8).

In addition to HIV care and treatment data, social determinants of health play an
important role in public health practice, reflecting underlying environments and health
services that can influence the likelihood of an individual to be susceptible to health
issues or to access care (15). These social and structural factors, including race,
education, inequality, and insurance, can influence and explain a significant proportion of
variance in HIV and AIDS diagnoses, incidence, and outcomes at both state and county
levels (16-18).

Utilizing published social determinants of health and HIV continuum data from
national and state jurisdictions as input data for the biological transmission model, the
viability of using publicly available data and existing HIV estimation models for small
areas can be evaluated. This analysis will aim to serve as an example for how subnational
and national data and methodology for HIV can be integrated to better understand short-
term state and national trends in HIV diagnosis. Validation of small-area estimation
methods for HIV diagnoses can serve as an example of the application of existing models

to state and national data to accurately generate estimates of new HIV diagnoses.

Extra Data Source Considerations




The linkage to care indicator in the continuum measures the proportion of
individuals who, in a given calendar year, have at least one documented viral load or
CD4+ test within three months of their diagnosis date (19). Engagement in care uses
MMP data to estimate the proportion of those living with HIV who had at least one HIV
medical care visit in the previous year, while the National HIV Surveillance System
(NHSS) differentiates between “in care,” the proportion of those diagnosed with at least
one viral load or CD4+ test in that observation year, and “retained in care”, which
measures the proportion of diagnosed persons with two or more viral load or CD4+ tests
performed at least three months apart in a given observation year. MMP data is used to
estimate the proportion of individuals receiving HIV medical care with a documented
ART prescription in the observation year, while either MMP or NHSS data can be used to
estimate the proportion of individuals living with HIV whose most recent HIV viral load
was below 200 viral copies per milliliter.

Although estimates at each level of the HIV care continuum are regarded as
having an inherent uncertainty, the proportion of HIV-infected persons who have not yet
been diagnosed is perhaps the most important and most difficult to evaluate (6). Current
surveillance sources, such as the National HIV Behavioral Surveillance (NHBS) system
or the group of 25 jurisdictions collecting laboratory and testing data that serve as the
basis of national HIV incidence calculations, likely do not capture the true proportion of
HIV-infected individuals who have not yet been diagnosed. The aforementioned back-
calculation method for estimation of incidence and the proportion of undiagnosed
individuals differentiates between two approaches with different denominators:

prevalence-based, which use the total number of individuals living with HIV (both



diagnosed and undiagnosed), and diagnosis-based, which is limited to those aware of

their infection (19).

Methods

New Diagnoses

State-level new HIV diagnoses were considered the outcome for this analysis.
Data on new HIV diagnoses in 2013 were obtained from AIDSVu.org, an Emory
University database providing state, national, and county-level information on
socioeconomic measures, HIV prevalence, and annual HIV diagnoses. HIV prevalence
and diagnosis information at state and county levels are obtained from the national CDC
National HIV Surveillance System, which summarizes HIV case reports from state and
local health departments (20). Data represent individuals 13 years and older who were
diagnosed with an HIV infection between January 1, 2013 and December 31, 2013. CDC
estimates incorporate statistical adjustment for delays in reporting, as well as missing
information on risk factors, but do not adjust for incomplete reporting of information.

Social Determinants of Health Covariates

Variables reflecting social determinants of health were included as covariates in
this analysis. These variables, obtained from AIDSVu.org, were initially gathered on an
annual basis from American Community Survey estimates from the U.S. Census Bureau,
including population estimates, poverty and median income estimates (21-25). Model
covariates included: the proportion of cases attributable to black individuals and men who
have sex with other men, the proportion of individuals under age 65 lacking health

insurance, the proportion of individuals with a high school education, the proportion



living in poverty, Gini coefficient of income inequality, and median household income
(Table 1).

Transmissions and Care Continuum Estimates

Model-based transmission estimates were obtained using an RShiny web tool
populated with national and state continuum data, reflecting predictions about the
distribution of individuals at each level of the HIV care continuum. This web tool, built
from the biological transmission probability model created in Skarbinski et al., uses input
prevalence data and parameter values to estimate the rate and number of transmissions
occurring at each level of the continuum (8). Parameter estimates for each level of the
care continuum were obtained from CDC’s 2012 national HIV continuum and reflect
persons living with diagnosed or undiagnosed HIV infection (26) (Table 2).

All models included a transmissions term and used observed cases in a state and
applied percentages from national and/or state data to create care continua. There were
two classes of models with a transmissions term built. Models using an overall average
value of 87.2% for percentage of individuals diagnosed with infection were referred to as
National Average (NA) models. Models incorporating state-specific estimates of the
percent of individuals diagnosed with infection were referred to as Morbidity and
Mortality Weekly Report (MMWR) models, with values being obtained from a recent
MMWR report (Figure 1) (7). All other parameter estimates, including the proportions of
individuals engaged in care, retained in care, and with viral suppression, were identical
between the two models after adjusting these values to reflect a denominator of all
diagnosed individuals, rather than all diagnosed and undiagnosed individuals (Table 2).

The difficulty in monitoring the HIV care continuum and the numbers of



individuals present along the steps is partially due to the existence of multiple methods of
estimation. HIV care continua can differ by how levels of the cascade are defined and are
dependent on the data source from which the information is drawn. The continuum is
often conceptualized in two ways: 1) a prevalence-based denominator that includes an
estimate of individuals who are unaware of their infection 2) a diagnosis-based
denominator that only includes individuals aware of their infection. Information for both
the prevalence- and diagnosis-based continua can reflect two main data sources: 1) the
National HIV Surveillance System (NHSS), which uses data reported to the CDC by state
and local health departments 2) the Medical Monitoring Project (MMP), which reports
weighted data from individuals receiving HIV care (19).

Data Analysis

Linear regression models were built using a hierarchical regression approach from
continuum data with state-level estimated new diagnoses in a given year as an outcome.
A hierarchical approach was used to compare fully specified models, containing all
possible covariates, to reduced models, as well as to compare models containing different
types of transmissions terms, MMWR and NA. Two initial models were built, one
containing all descriptive covariates (M0a) and a subset of those that used selection
techniques that maximized the adjusted R* (AR?) metric, the Akaike’s Information
Criterion (AIC), and Bayesian Information Criterion (BIC) (MO0). Three models
containing a predictive term for 2012 HIV prevalence were built, one with all covariates
(M1b), one with a subset that maximized AR?, AIC, and BIC (M1a), and one with solely

prevalence as a predictor (M1).



This process of creating three models was repeated for models including a term
for transmissions predicted using national average continuum data input into the web
tool. One model included all covariates (M2b), a second included only a subset that
maximized AR, AIC, and BIC (M2a), and one included solely the estimated
transmissions term as a predictor (M2). Finally, three models containing a term for
transmissions predicted using MMWR data input into the web tool were built. One model
contained all covariates (M3b), one contained a subset that maximized AR?, AIC, and
BIC (M3a), and a third solely included the estimated transmissions term as a predictor
(M3). Descriptive characteristics of each model, including AR?, AIC, BIC, were
summarized (Table 3). The regression coefficient of the transmissions term was recorded,
while the gain in AR of each model compared to the simple regression model containing
only 2012 prevalence as a predictor was used by dividing the increase in AR in each
subsequent model by the proportion of variance unexplained by the prevalence term,
which was 10.5%. Comparison of nested models (M1 to M1a to M1b) was done using
multiple partial F-tests, comparing a model with additional covariates to its preceding
reduced form to evaluate the statistical significance of including additional covariates.

Statistical and regression analysis were completed in SAS (Cary, NC, version
9.4). IRB exempt status was obtained from the Emory University Institutional Review
Board. Accounting for state-specific estimates of undiagnosed cases improved the fit of a
simple linear regression model of new diagnoses to transmissions overall, with smaller
variation from the number of new diagnoses in 2013 observed for 38 jurisdictions with

the MMWR model (Figures 2 and 3).



Results

Data from all fifty states and Washington, D.C. were used. The proportion of
prevalent cases attributed to MSM behavior ranged from 45.8% to 83.7%, with a mean
percentage of 70.4%. The proportion of prevalent cases attributed to black individuals
ranged from 3.3% to 75.1%, with a mean percentage of 34.1% (Table 1). On average,
15.2% of individuals were living in poverty, ranging from 9.7% to 23.8% by state, and
15.6% lived without any health insurance, ranging from 4.5% to 25.2% on a state by state
basis.

The RShiny web tool, upon input of national continuum data, predicted an
average of 759 transmissions per state (minimum=8, maximum=5489), which increased
to an average of 809 transmissions per state (minimum=8, maximum=5195) upon
accounting for variability in state-specific proportions of undiagnosed cases (Tables 1
and 2). Engagement in care, retention in care, and viral suppression percentages were
calculated using a denominator of all diagnosed individuals in a particular state using a
national average of 87.2% diagnosed (4). These state-level proportions varied from 0% to
25.2%, with a national average of 12.8% (Figure 1, Table 2).

After model selection, 11 different models were compared. In the covariates-only
models, the adjusted R* for the all-covariates model was 0.4467, while the best
covariates-only subset model had an adjusted R* of 0.4666 (Table 3). The addition of
three covariates to the subset model did not result in a statistically significant increase in
prediction (p=0.8109). The adjusted R” for the prevalence-only model (M1) was 0.8947,
which marginally improved to 0.8949 and 0.9320 upon replacement by terms

representing web-tool-predicted transmissions from the national continuum (M2) and the
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national continuum with state-level variation in undiagnosed (M3), which accounted for
less than 1% and about 35% of the unexplained variation, respectively (Table 3).
Although the prevalence model including a subset of covariates significantly increased
the adjusted R” value to 0.9207 (M1a, p<0.0001), the addition of three covariates to the
subset model was not significant (p=0.9864). In total, nearly 25% of the unexplained
variation in the prevalence-only model was subsequently explained by the addition of
covariates.

The adjusted R? for the model with national continuum-predicted transmissions
and all possible covariates was 0.9170 (M3b), while the best subset model had an R*
performance of 0.9208 (M2b). The subset model showed statistically significant increase
in prediction over the predicted transmissions-only model (M2), with the five covariates
explaining nearly an additional 25% of the variation unexplained in the prevalence-only
model (p<0.0001). The addition of the other three covariates was not significant
(p=0.9861).

The adjusted R? for the model with MMWR-predicted transmissions and all
possible covariates was 0.9451 (M3b), while the best subset model had an R*
performance of 0.9480 (M3a). This subset model contained only three covariates and
showed a statistically significant increase in prediction over the predicted transmissions-
only model (M3) (p<0.0001), and the addition of the five extra covariates to this subset
model did not significantly improve its predictive ability (p=0.8051). Of the nearly 10%
of state-level variation in diagnoses unexplained in a prevalence-only model, accounting
for transmissions, state-level variability in the proportion of cases who are diagnosed, and

a subset of demographic covariates improved the adjusted R? value to nearly 95%, a
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nearly 50% increase in predictive ability that correlated with a drop in AIC from 610.56
to 566.70.

The coefficient of a transmissions term, representing the change in new diagnoses
associated with an increase of one predicted transmission, varied from 0.8771 to 0.9609
in these models and was a significant predictor in all models in which it was present.
Notably, 95% confidence intervals for the transmissions coefficient for Models 2, 3, 3a,
and 3b included a value of 1, implying that that a one-unit increase in the number of
predicted transmissions could still potentially result in a one-unit increase in the number
of new diagnoses, implying a 1:1 correspondence. This was not the case for the NA and
either a subset of or all covariates models (M2a, M2b).

Discussion

Stable and valid incidence estimation is essential to designing prevention
strategies that enhance serostatus awareness and link individuals newly infected with
HIV to care. Approaches to provide estimation of sub-national HIV new HIV diagnoses,
in lieu of incidence, can inform this goal. Renewed attention to, and research on, HIV-
infected individuals and incident transmission gain growing importance under the lens of
treatment as prevention (TasP), HIV prevention methods that use ART to suppress viral
loads and thus reduce the risk of transmission (27-30).

The transmissions prediction model used in this analysis is unique in
incorporating both biological and statistical likelihood of transmission from individuals at
each level of the care continuum. Using standardized data sources for input data and for
the model, this analysis accounts for the varying risk and numbers of transmissions at

each level of the cascade, and the validation of this model using small-area estimation
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can provide an alternative methodology for incidence approximation. This analysis
additionally demonstrates the feasibility of using publicly available surveillance and
demographic data to accurately generate new diagnosis estimates in a 1-year horizon.

In these models, assuming that the proportion of diagnosed individuals in care is
static, the number of predicted transmissions is predominantly driven by the proportion of
individuals who are unaware of or undiagnosed with an HIV infection, as well as the
proportion of those diagnosed who have achieved viral suppression and thus significantly
reduced their risk of transmission. The percent of individuals retained in care who have
suppressed viral loads is a key driver of transmissions prediction in this model when
allowed to vary as well.

In this hierarchical modeling approach, important comparisons can be made
between models. Modeling new diagnoses with solely demographic covariates managed
to account for approximately 45% of the adjusted variation in new diagnoses. The
MMWR-transmissions-only model had better fit than the National-Continuum-
transmissions-only model, accounting for approximately 93% of adjusted variation
compared to nearly 90%. Including prevalence was comparable to the alternative use of
predicted transmission using the national average continuum, both accounting for nearly
90% of the variation in new diagnoses in simple linear regression models.

No as-of-yet discernable trend in the discrepancy between the number of
predicted transmission and new diagnoses for particular jurisdictions, including by
population size, geographic region, or any of the covariates, has been elucidated. Further
study of other covariates, such as a quantification of delays in reporting, may shed light

on why simple comparisons of transmission estimates to new diagnoses in states may
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over- or under- predict new diagnoses. In evaluating the utility of prevalence- or
transmission-based incidence or diagnosis prediction, there may be more definitive value
in determining a national or state-level diagnosis correction factor accounting for the
discrepancy between incident transmissions and diagnoses, particularly that could
account for state-level variation that is subsumed under a single coefficient for a
transmissions term.

It is noteworthy that the best predictive model, the subset of the larger MMWR
and covariates model, only included three additional covariates: the proportion of cases
attributed to MSM, the proportion of cases who are black, and the proportion of
individuals in a state who are uninsured. This more simplistic formulation of the model
outperformed all other models in adjusted R*, AIC, and BIC measures. Explaining nearly
95% of the variation in new diagnoses in 2013 with a limited number of input variables is
an important step forward. Utilizing prevalence and social determinants of health data,
alongside an estimate of transmissions, can allow for states to predict HIV burden for a
subsequent year and aid in resource allocation and decision-making. It is important to
note that Model 3a performs well in predicting the year following, and is better than a
prevalence-only model, but further work needs to be done before extrapolation to further
years can be accurately done.

The value of incorporating further covariates to prevalence or transmission simple
linear regression models is demonstrated by the increase in adjusted R”. Partial F-tests
determined whether the addition of covariates provided statistically significant increases
in predictive value, and, in all three sets of models incorporating prevalence and

transmissions terms, a subset of covariates was preferred over the simple and fully-
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covariate-specified models. Adding covariates to the NA subset model (M2a) explained
just as much variation as adding a subset of covariates (M1a) to the prevalence-only
model, each accounting for 25% of the unexplained variation increase in adjusted R,
Thus, the added predictive effect of adding covariates to a simple model was greater in
the MMWR model (M3a) incorporating state-level variability in the undiagnosed
proportion than in prevalence and NA models.

In evaluating multiple models for prediction of new diagnoses, it was important to
account for prevalence in some way, whether through prevalent cases or a transmissions
term. The coefficient of the transmissions term remained below one in each model that it
was present in, highlighting that, in a given year, more transmissions are estimated to
occur than diagnoses. However, 42,376 new diagnoses were made in 2013, and the
national continuum model predicted 38,710 transmissions, while the MMWR model
predicted 41,260 transmissions across the fifty states and Washington, D.C. The sum of
transmissions from the state continua is less than the number of transmissions predicted
from the national continua, likely due to the calibration of the initial biological
transmission model, and accompanying web tool, to reflect an estimated 45,000
transmissions per year when the model was created to represent the 2009 national HIV
care continuum. An adjustment or a re-calibration of the model to a 2012 continuum
would likely yield the expected case in which transmissions are predicted to outnumber
diagnoses and address a limitation of the methods presented here. These findings
illustrate the continued disparity between reported new diagnoses and actual infections,
as well as a growing understanding of the burden of transmissions attributable to

individuals at all levels of the HIV care continuum.
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The absence of appropriate nested state-specific continua hindered the fulfillment
of one of the original main aims of this analysis. State HIV surveillance reports are
published annually and some states publish a continuum of care, but it was observed that
these continua do not align with previously published continua, as each subsequent level
was not necessarily nested within a prior level of the continuum. As an example, the
number of individuals experiencing viral suppression was larger than the number of
individuals engaged or retained in care for some jurisdictions. The web tool and its
source model, in its current format, are not able to evaluate non-nested continuum data,
preventing the usage of state-specific continua as parameters for transmission prediction.
Continued work in characterizing state-specific continua can improve the predictive
ability of the tool, accounting for important differences in viral suppression and other
levels that may influence care and transmission.

State-level or jurisdictional estimates along steps of the HIV care continuum can
differ greatly from NHSS estimates, indicating a large variation in figures across
subnational areas, but there is uncertainty about whether this variation can be attributed to
data quality or true differences (31, 32). The comparison of data across jurisdictions is
limited, as these jurisdictions are discouraged from reporting prevalence and encouraged
to use diagnoses as their continuum denominator (33). Additionally, diagnoses reported
by local jurisdictions are reliant on resource allocation, lab supply availability, and other
factors such as in-migration and out-migration that can result in a misclassification of the
proportion of individuals diagnosed (33). Diagnoses data used in this analysis are taken
from CDC, having been adjusted for reporting delays and missing data, and may differ

from state-reported diagnoses which have not been adjusted.
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The validity of estimates along each subsequent level of the care continuum is
threatened by the potential of misclassification or measurement error of the baseline
number of estimated prevalent and incident infections (33). Estimates and measures
present in the HIV care continuum for a particular jurisdiction can vary due to the source
of data used, either MMP or NHSS. This key source of bias may also influence reporting
on both national and sub-national levels. A structural reason for this might be the reliance
on data from the MMP, which uses narrow definitions of retention and other continuum
categories, such as retention signifying at least one visit to a provider in the first four
months of the calendar year. As the number of individuals infected with HIV reflects an
estimated prevalence among diagnosed and undiagnosed individuals, it is possible that
the cascade category estimates may undervalue the numbers of individuals truly present
at each level (8, 34).

Quantitative input data, such as the proportion of individuals who engage in
cross-border sexual relations or who migrate in and out of a particular jurisdiction in a
particular year influence the proportion of individuals who would be diagnosed with HIV
in a jurisdiction of interest. This analysis assumes that migration is balanced, with the
inflow matching the outflow for a particular state. Although already incorporated into a
national-level model, jurisdictional breakdown and quantification of testing, sexual
behavior, and migration are vital for this analysis of smaller areas. These data are not
readily accessible or available, and may require review of extra-disciplinary research and
novel estimation efforts.

A potential route forward may be the adoption of yearly state-to-state migration

flows estimated through the American Community Survey as a proxy for testing, but the
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correlation between moving residences and testing practices is not likely to be perfect
(35). When relying on small area estimation or attempting to generalize the approach to
as-of-yet unstudied or international contexts, parameterization of migration and cross-
border population trends is vital to valid estimation. Competent case-based and disease
surveillance must be supported by attention to demographic trends that might affect the
likelihood to get tested, remain in care, and suppress one’s viral load in a specific
location.

A lack of data about the number of individuals retained in care who received ART
for the state jurisdictions included in this study leaves one of the continuum levels
unaddressed in this analysis. Above all, the dynamic nature of the cascade for individuals
is not addressed by this analysis (34). There are delays in reporting in a given year, as not
all incident cases may be diagnosed in the year in which HIV is acquired. As a snapshot
of state jurisdictions at the end of a particular year, the model and analysis do not fully
address situations in which an individual retained in care and with a suppressed viral load
might fall out of care and cease to have a suppressed viral load.

Arresting transmission and preventing HIV acquisition are vital goals, worthy of
sustained and increased focus, research, and resources. The proportion of individuals who
are undiagnosed when the continuum is stratified may differ vastly, as awareness of
infection may differ by age, race or ethnicity, or a number of other factors. Thus, this
web-tool-based approach can align with continued research into stratified continua. Finer
stratification of HIV care continua is desired and can be supported by this web-tool-based

approach, provided that necessary parameters can be calculated. Greater stratification can
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support prevention efforts that focus on particular groups, such as increasing testing in
younger individuals.

The National HIV/AIDS Strategy has set objectives to reduce the number of new
infections and the proportion of those unaware of their infection, as well as to boost
linkage to, and retention in care among those diagnosed. Thus, ultimately, a continuum-
based approach to estimation and response is important, as boosting the engagement of
individuals at each level of the care continuum in prevention in treatment is the key to
addressing the burden of HIV and achieving the goal of zero new infections. Given that
two-thirds of new infections are estimated to result from those with known HIV infection,
the need for data to support comprehensive HIV prevention and treatment packages to
halt the spread of HIV in state and local jurisdictions is great. Meaningful prediction was
accomplished with a limited amount of local data, and the incorporation of further
information from state and local levels can allow for refinement of models and methods

to maximize the predictive value for HIV diagnoses.
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Variable Mean SD Minimu Maximum
m

Transmissions (MMWR) 809.0 1209 8 5195
Transmissions (National 759.0 1196 8 5489
Average)
Proportion of HIV Cases 0.7044  0.0873 0.4580 0.8370
attributed to MSM behavior
Proportion of HIV cases 0.3413 0.2217  0.0332 0.7511
attributed to Black Individuals
Gini Coefficient 0.4592 0.0224  0.4166 0.5343
Proportion with a High School ~ 0.8801  0.0312  0.8140 0.9280
Education
Proportion living in Poverty 0.1524 0.0326  0.0970 0.2380
Proportion Uninsured 0.1555 0.0476  0.0450 0.2520
Median Household Income 51937 8564 37179 71169

SD = Standard deviation

Table 2: HIV Care Continuum Parameters for Transmissions Predictions

Parameter National Average MMWR Model
Continuum Model
Percent Diagnosed 87.2 State-specific (Supp.
Table 2)
Percent of Diagnosed Engaged in 44.8 44.8
Care
Percent of Diagnosed Retained in 41.5 41.5
Care
Percent of Diagnosed with 34.6 34.6
Suppressed Viral Load

23
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Figure 1: Percent of Cases Undiagnosed by State

222
1: “‘

5

21

241
222 2%
18 18.2
174
. 1658
16.4 L 16.1
14.8 145 14.7 L:
Qs
‘ || ‘ | ‘
| | ‘ ‘
I I |
State

o~

~

,
]
|

2038 208
19.1
15
145
134
124 127
| | |

22.9
205
12.2
|
107
| | ‘

I | I J ¥
w < w o w o
o~ o~ . -—

pasouBelpun sase) Jo Juadiad

as
as
1

YVd

ON
AN
SW
OoN
NN
1N
=)
an
N

1

SH
NI
Al
al
I

IH
YO

3a
20
10

(o2e)
YO
zZv
AY

L

25



26

[eucneN
MWW

|3pow

000

SUOISSIWSUE)) palewns3

0002
1

g

£102Z u sasoubeiq maN

g

~ 0009

uonoIpald uoissiwsuel] :z ainbi4



27

P3jIpaid "SA [BMIY D3lIpsid "SA [BMIY

- 09
- 0€

_|II._ o
_og-

v

b
_o09
_ot
_o

- 0g-
- 09

0 ~V0
—— =00

3 -0
— 30

2
L )
z=a

o =W
I & -an
e 3N

Il ||| |||||'_|
3
S

ms
S
v
4
S

({38 L]
kv 253

_I_Ill
T
=
=

e - WM I - M

|ll
:
||I
:

80uaJalIa MM aouaJayiq abelany [euoneN
sasoubelq [enjoy pue SUOISSILISURI| PaJIpald Usam)aq souslayiq :¢ ainbi4



