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SUMMARY

Background.—The limitations of existing HIV risk prediction tools are a barrier to preexposure
prophylaxis (PrEP) implementation. We developed and validated an HIV prediction model to
identify potential PrEP candidates in a large healthcare system.
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Methods.—Our study population was HIV-uninfected members of Kaiser Permanente Northern
California not yet using PrEP. Using 81 electronic health record (EHR) variables, we applied least
absolute shrinkage and selection operator (LASSO) regression to predict incident HIV diagnosis
within three years in 2007-2014, assessing ten-fold cross-validated area under the curve (C-
statistic). We compared the full model to simpler models including only men who have sex with
men (MSM) status and sexually transmitted infection (STI) positivity. Models were validated
prospectively with 2015-2017 data.

Findings.—Of 3,750,664 patients in 2007-2017, there were 784 incident HIV cases within three
years. The LASSO procedure retained 44 predictors in the full model, with a C-statistic of 0-86
(95% CI: 0-85-0-87) for incident HIV cases in 2007-2014. Model performance remained high in
2015-2017 (C-statistic 0-84, 95% CI: 0-80-0-89). The full model outperformed simpler models
including only MSM status and STI positivity. For the full model, flagging patients with high or
very high HIV risk scores in the validation dataset (13,463/606,701, 2-2%) identified 38-6%
(32/83) of the incident HIV cases, including 46-4% (32/69) of male cases and 0% (0/14) of female
cases. The full model had equivalent sensitivity by race, while simpler models identified fewer
Black than White HIV cases.

Interpretation.—Prediction models using EHR data can identify patients at high risk of HIV
acquisition but not yet using PrEP. Future studies should optimize EHR-based HIV risk prediction
tools and evaluate their impact on PrEP prescribing.

Funding.—Kaiser Permanente Community Benefit Research Program and the US National
Institutes of Health.

BACKGROUND

There are nearly 40,000 new HIV infections annually in the U.S. Preexposure prophylaxis
(PrEP) using co-formulated tenofovir disoproxil fumarate and emtricitabine is over 90%
effective in preventing HIV acquisition and is recommended by the U.S. Centers for Disease
Control and Prevention (CDC) for populations at high risk of acquiring HIV infection.!
However, the CDC estimates that only seven percent of the 1.1 million individuals in the
U.S. with indications for PrEP used it in 2016.2

One barrier to PrEP implementation, as noted by the U.S. Preventive Services Task Force, is
the challenge of identifying individuals who may benefit from PrEP.2 Although the CDC has
specified indications for PrEP, including having multiple sex partners or a recent bacterial
sexually transmitted infection (STI),1 healthcare providers report difficulty identifying
patients at risk of HIV acquisition.? Providers have time constraints, may be uneasy
conducting sexual and substance use histories, and may believe few of their patients have
indications for PrEP.4> Existing HIV risk prediction tools require that providers already
know a patient is in a particular risk group, such as men who have sex with men (MSM).3.6.7
Moreover, existing prediction tools based on CDC criteria for PrEP use have been shown to
underestimate risk for HIV acquisition in Black MSM.89 Risk prediction tools that automate
identification of patients at high risk of HIV acquisition in general patient populations could
support providers in more efficient and equitable assessment of their patients’ suitability for
Prepr.
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Our objective was to develop and validate an HIV risk prediction model using electronic
health record (EHR) data collected during routine clinical care to identify potential PrEP
candidates in a large healthcare system in California. To understand the extent to which
multiple EHR data domains can improve identification of PrEP candidates beyond
traditional HIV risk factors, including those noted as indications for PrEP in CDC
guidelines,! we compared the performance of a full model to models based on only MSM
status and recent bacterial STIs. Finally, we assessed the ability of models to identify
potential PrEP candidates in subpopulations, specifically females and Black individuals, that
have not been fully captured by existing HIV risk prediction tools.

Study Setting, Population, and Design

Predictors

Our study setting was Kaiser Permanente Northern California (KPNC), a large integrated
healthcare system that provides comprehensive medical services to 4-3 million members,
corresponding to approximately 30% of insured individuals in the surrounding population.10
We developed and validated models to predict incident HIV diagnosis within three years
among all adult (aged =18) KPNC patients who had at least two years of prior health plan
enrollment with at least one outpatient visit during 2007-2017. We excluded patients who
had been diagnosed with HIV infection prior to baseline, and also excluded those who had a
prior pharmacy fill for PrEP. We determined dates of first lifetime HIV diagnosis using the
KPNC HIV registry, which includes all known HIV cases since the early 1980s, with cases
confirmed by chart review. The start of follow-up for each subject (baseline) was the earliest
date on or after January 1, 2007, when eligibility criteria were met. Subjects were followed
until the earliest of HIV diagnosis, disenrollment from the health plan, death, or December
31, 2017.

The institutional review board at KPNC approved this study with a waiver of written
informed consent.

We extracted demographic and clinical data from KPNC’s EHR, yielding 81 potential
predictors of HIV risk that were identified based on published literature and clinical
expertise (Appendix pages 2-3). Most variables had no missing data. For example, the
presence of a given diagnosis was coded as 1 and the absence of that diagnosis as 0. To
define MSM status, we coded anyone who was male and ever previously reported male sex
partners as 1; everyone else was coded as 0, even those who had missing data on sexual
orientation.

Model Development

Model development and validation followed the guidelines for Transparent Reporting of a
multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD).11 We
developed models using the subset of patients who entered the cohort in 2007-2014
(development dataset). Using EHR variables from prior to each subject’s baseline date, we
fitted models to predict incident HIV diagnosis within three years. We used least absolute
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shrinkage and selection operator (LASSO) logistic regression, which automates selection of
a subset of variables to optimize predictive accuracy,1213 with weighting to account for
differences in duration of follow-up.14

Model discrimination was assessed by using the C-statistic, which represents the probability
that a randomly drawn HIV case was ranked as higher risk by the model than a randomly
drawn non-case; the C-statistic can be computed as the area under the receiver operating
characteristic curve.1® Given that prediction models might perform well in the development
dataset but not generalize to new data if they are overfitted, we used ten-fold cross-validation
to minimize overfitting.12 We randomly split the development dataset into ten equally sized
subsamples, with nine used to develop the model and the remaining subsample used for
testing the model; this partitioning was repeated ten times (folds). We averaged the results
across folds to estimate the cross-validated C-statistic.

We developed both a full model, which included all potential predictors, and simpler models
that included only MSM status and/or ST1 variables. We evaluated STI positivity, a set of
five variables indicating numbers of positive tests for gonorrhea and chlamydia by anatomic
site, and reactive syphilis tests, in the prior two years. We also evaluated four additional
variables indicating a history of rectal STI testing, syphilis testing, and syphilis treatment.

Model Validation

To assess how the full and simpler models might perform prospectively, we validated them
using data from an independent set of patients who entered the cohort in 2015-2017
(validation dataset), which was not used during any part of the model development process.
We again computed C-statistics to assess model discrimination, generating 95% confidence
intervals (Cls) using bootstrapping with 1000 resamples of the data.

Identification of PrEP Candidates

We computed predicted probabilities of incident HIV diagnosis within three years, or HIV
risk scores, for all patients in the 2015-2017 validation dataset given their values of the
predictors retained in the models. We categorized risk scores as follows: low (<-05%),
moderate (0:05% - <0-20%), high (0-20% - <1.0%), and very high (=1-0%). To our
knowledge, there are no established thresholds of predicted HIV risk for determining PrEP
eligibility. For context, we compared the observed HIV risk in subgroups likely to have
indications for PrEP, specifically patients with bacterial STIs in the prior two years and
MSM, with the observed risk in the general patient population. These subgroups were at
approximately 10 and 50 times higher risk than the average patient, respectively,
corresponding with the categories of high and very high risk scores. For the full model,
calibration (i.e., agreement between observed outcomes and predictions) was assessed by
plotting observed and predicted probabilities of incident HIV diagnosis within three years
across categories of predicted risk.

We then assessed the sensitivity of each model for identification of incident HIV cases,
defined as the proportion of incident HIV cases identified among patients with high or very
high HIV risk scores, overall and by sex and race. Finally, to understand whether model
predictions matched real-world clinical judgment, we assessed sensitivity for identification
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of patients who were actually prescribed PrEP, defined as the proportion of PrEP users
identified among patients with high or very high risk scores.

Analyses were conducted in the R environment for statistical computing, version 3.5.1.

Role of the Funding Source

The funder of the study had no role in study design, data collection, data analysis, data
interpretation, or writing of the report. The corresponding author had full access to all the
data in the study and had final responsibility for the decision to submit for publication.

RESULTS

Of 3,761,028 adult KPNC patients who had at least two years of prior health plan enrollment
and an outpatient visit from January 1, 2007, through December 31, 2017, a total of 9290
were excluded because of a prior HIV diagnosis and 1074 because of a prior pharmacy fill
for PrEP at KPNC. Of the 3,750,664 HIV-uninfected KPNC patients not yet using PrEP,
there were 784 incident HIV diagnoses occurring within three years of baseline.
Characteristics of patients in the development and validation datasets are shown in Table 1.

The LASSO variable selection procedure retained 44 predictors in the full model, with a
cross-validated C-statistic of 0-86 (95% CI: 0-85-0-87) for identification of incident HIV
cases in the 2007-2014 dataset. The HIV risk predictors retained in the full model, their
prevalence among patients with and without an incident HIV diagnosis, and adjusted odds
ratios in the 2007-2014 dataset are shown in Table 2. The strongest predictors were male
sex, MSM status, residing in a ZIP code with high HIV incidence, urine positivity for
methadone, number of positive tests for urethral gonorrhea in the prior two years, and
number of penicillin G benzathine injections with a syphilis test within 90 days in the prior
two years. The prevalence and adjusted odds ratios for HIV risk predictors retained in
simpler models are shown in the Appendix (page 4).

Model discrimination remained high when validated prospectively, with a C-statistic of 0-84
(95% CI: 0-80-0-89) in the 2015-2017 dataset (Figure 1). Discrimination was substantially
reduced when including only MSM status and STI positivity, MSM status alone, or STI
positivity alone. Incorporating additional variables for STI testing and treatment improved
discrimination of these simpler models.

Based on the full model, a small subset of patients in the 2015-2017 dataset had high
(11,930/606,701, 2:0%) or very high HIV risk scores (1533/606,701, 0-3%). The full model
was well-calibrated for patients with low, moderate, and high risk scores, but overestimated
the absolute risk of incident HIV diagnosis within three years among patients with very high
risk scores (data not shown).

We assessed sensitivity for each model (Table 3). Flagging patients with high or very high
HIV risk scores from the full model identified 38-6% (32/83) of the incident HIV cases
overall, including 46-4% (32/69) of the cases among males. Flagging only the patients with
very high risk scores identified 15-7% (13/83) of incident HIV cases. Simpler models
flagged fewer patients and had lower sensitivity for incident HIV cases. No models
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identified incident HIV cases among females. The full model had equal sensitivity for
incident HIV cases among Black and White patients, while most simpler models had lower
sensitivity for Black than White patients.

The full model identified 59-1% (378/640) of incident PrEP users among patients with high
or very high risk scores, while simpler models identified fewer PrEP users. The distribution
of HIV risk predictors was generally similar between patients with high or very high risk
scores in the full model and patients actually prescribed PrEP, although fewer PrEP users
were Black (3:6% vs. 28-4%; Appendix page 5).

DISCUSSION

Using predictive modeling with EHR data from 3-7 million members of a large healthcare
system in California, we identified patients who were at high risk of HIV acquisition but not
yet using PrEP. The full model had excellent discrimination between HIV cases and non-
cases, with a C-statistic of 0-84 in the validation dataset. In contrast, existing HIV risk
prediction tools have reported C-statistics of 0-66 to 0-72,3 and prediction models commonly
used in other areas of medicine have reported C-statistics of 0-71 to 0-82.16 By flagging two
percent of the general patient population as potential PrEP candidates, the full model
identified nearly half of male HIV cases, and sensitivity for identifying an appropriate PrEP
candidate is likely to be much higher. Although risk prediction tools are imperfect and
cannot replace the clinical judgment of skilled providers, our model may be substantially
more efficient than efforts to identify PrEP candidates in current practice. Our study
suggests that HIV prediction models could be embedded in EHRs as an automated screening
tool to help identify the subset of patients most likely to benefit from discussions about
Prer.

This study contributes to a growing body of literature on the use of EHR-based risk
prediction tools to improve evidence-based preventive care. For example, automated
cardiovascular risk prediction tools have been routinely embedded into EHRs to guide
clinicians in appropriate aspirin and statin prescribing.1721In the HIV context, Krakower et
al. evaluated multiple machine learning algorithms to predict incident HIV diagnosis using
EHR data from an ambulatory practice in Massachusetts with 720,000 patients, with the
best-performing model having comparable predictive performance to our full model.18
Feller et al. used EHR data to predict incident HIV diagnoses in an academic medical center
in New York City,1° and Ridgway et al. used EHR data from an urban emergency
department in Chicago to predict which patients met CDC criteria for PrEP use,
subsequently using their model to prompt HIV risk assessments in clinical practice.29 Our
work builds on prior studies by including a large sample from a highly generalizable
population with high-quality ascertainment of incident HIV diagnoses using registry data.

Our findings demonstrate the added value of rich EHR data for identification of potential
PrEP candidates. Specifically, our results suggest that identification of potential PrEP
candidates based on only MSM status or ST positivity, including our own efforts,2! could
be improved by incorporating other demographic and clinical data. Indeed, our weakest
model included only STI positivity, the only CDC indication for PrEP use that is readily
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identifiable in EHR data.l Although collection of dozens of EHR variables may not be
feasible for all healthcare systems that seek to identify PrEP candidates, we found that
simpler models with only one to six variables provided some efficiencies in identifying
patients at risk of incident HIV diagnosis, and had higher positive predictive value and
specificity than the full model. Notably, the predictive performance of the model including
only MSM status improved in recent years (data not shown), which may be attributable to
efforts to improve collection of data on sexual orientation in EHRs; completeness of sexual
orientation data increased from 16% in 2007-2014 to 40% in 2015-2017 at KPNC.

Our models did not identify cases among females, whose HIV risk may be largely dependent
on the risk factors of their partners. Prior studies have used data collected in clinical trials
and prospective cohorts to develop HIV risk prediction tools for African women and
heterosexual couples,22:23 but such tools have not been developed for these populations in
settings with lower HIV incidence.3 Inclusion of additional EHR variables, such as history
of pelvic inflammatory disease or intimate partner violence, may improve identification of
females at risk of HIV acquisition. Prediction might also improve with sex-stratified models,
but we did not have sufficient HIV cases for a female-only model; a separate model for
males performed similarly to the full model (data not shown). Nevertheless, given small
numbers of transwomen and the difficulty of identifying HIV risk predictors in ciswomen, it
may remain challenging to develop prediction models for females in the U.S.

Prior studies have found that existing HIV risk prediction tools based on CDC criteria for
PrEP use underestimate HIV risk among Black MSM,8 and there is mounting evidence that
machine learning algorithms for risk prediction can be inadvertently racially biased.24 We
found that our full model had equal sensitivity for incident HIV cases among Black and
White patients, while simpler models generally had lower sensitivity for Black compared
with White patients. Traditional HIV risk factors such as MSM status and STI positivity may
be less prevalent in the EHRs of Black individuals because of medical mistrust among
patients,?> poor communication between patients and providers,26 or structural bias in the
healthcare system.2” Our results suggest that inclusion of other EHR data that do not rely on
patient or provider behavior, such as location of residence, may reduce racial bias in HIV
risk prediction tools based on EHR data. Notably, 28% of patients identified as high risk by
the full model were Black, compared with only 4% of PrEP users, suggesting that
implementing EHR-based prediction tools could help mitigate racial disparities in PrEP
uptake.?

There were several limitations to this study. First, we did not externally validate our model

in a different clinical setting. However, we validated our model in the most recent years of
data, with results suggesting the full model would perform well if implemented
prospectively in our large healthcare system. Second, there was potential for
misclassification in our data, such as misclassification of HIV status for patients who were
infected but not yet diagnosed, or PrEP status for patients who were prescribed PrEP outside
of KPNC. Third, there were too few incident HIV diagnoses among transgender patients to
assess sensitivity by gender identity. Fourth, to ensure sufficient baseline data to predict HIV
risk, we restricted our study population to patients with at least two years of prior health plan
enrollment and an outpatient visit at KPNC. Thus, our models may not perform as well
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among patients who have a shorter duration of enrollment or access medical care less
regularly. Fifth, many patients in the 2015-2017 dataset were followed for less than three
years; as a result, for patients with very high risk scores, the observed three-year risk of HIV
was lower than that predicted by the full model. An additional limitation of our modeling
approach was that we did not account for incident PrEP use as a competing risk for HIV
acquisition; however, PrEP use was relatively rare during the time period for model
development (2007-2014), and our model performed similarly in the validation dataset.
Finally, our study population did not include adolescents, potentially limiting
generalizability to this population.

Our study also had several strengths. First, our model development and validation processes
were strengthened by the relatively large number of incident HIV cases, which allowed us to
assess predictive performance by sex and race. Second, we compared the performance of a
full model with that of simpler models, providing insight into the predictive value of
additional EHR data domains for identifying potential PrEP candidates. Third, the KPNC
HIV registry allowed for high-quality ascertainment of incident HIV diagnoses. Finally, the
KPNC membership mirrors the age, sex, and race/ethnicity distributions of the surrounding
population,1? and the demographics of HIV-infected members are comparable to those of
reported AIDS cases in California, strengthening the generalizability of our findings to the
broader insured population.

In summary, EHR-based prediction models can identify patients at high risk of HIV
acquisition who are not yet using PrEP. Models that include only MSM status and STI
positivity do not perform as well as those including other data domains, particularly among
Black individuals; nevertheless, the addition of only a handful of key variables can improve
identification of patients who may benefit from PrEP. Although the risk predictors in our
models may not generalize to all healthcare systems, our approach could be replicated in any
clinical setting with an EHR. Additional studies should optimize EHR-based HIV risk
prediction tools for females and for use in higher-incidence settings, such as safety net
clinics, and evaluate their impact on PrEP prescribing and HIV incidence.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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RESEARCH IN CONTEXT
Evidence before this study

Antiretroviral preexposure prophylaxis (PrEP) is more than 90% effective in preventing
HIV infection but uptake has been limited, in part because providers face challenges
identifying patients who may benefit from PrEP. We searched PubMed for studies
published from Jan 1, 2007, to December 1, 2018, with the terms “HIV”” and “risk
prediction,” “risk score,” or “risk index.” Existing HIV prediction tools require that
providers already know a patient belongs to a given risk group, such as men who have sex
with men (MSM), and require additional collection of data from patients on HIV risk
behaviors, limiting their use in clinical practice. Moreover, such tools underestimate risk
for HIV acquisition in Black MSM.

Added value of this study

Using EHR data from 3:7 million members of a large healthcare system in California,
this study demonstrated that predictive modeling can be used to identify patients who are
at high risk of HIV acquisition in a general patient population. By flagging two percent of
the general patient population as potential PrEP candidates, the model identified nearly
half of male HIV cases. This study also demonstrated the added value of rich EHR data
for identification of potential PrEP candidates, with a full model outperforming simpler
models based on only MSM status and recent bacterial sexually transmitted infections.

Implications of all the available evidence

HIV prediction models could be embedded in EHRs as an automated screening tool to
help identify the subset of patients most likely to benefit from discussions about PrEP.

Future studies should optimize EHR-based HIV risk prediction tools and evaluate their
impact on PrEP prescribing and HIV incidence.
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Figure 1. Receiver operating characteristic curves and C-statistics for full and simpler HIV risk
prediction models in the validation dataset — Kaiser Permanente Northern California, 2015-2017
(N=606,701).

STI, sexually transmitted infection; MSM, men who have sex with men. C-statistics were
computed as area under the curve and reported in parentheses, followed by 95% confidence

intervals obtained by bootstrapping with 1000 resamples of the data.
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Table 1.

Demographic characteristics and incident HIV diagnoses within three years among patients in the
development and validation datasets — Kaiser Permanente Northern California, 2007-2017 (N=3,750,664)

Development dataset, 2007-2014  Validation dataset, 2015-2017
Characteristic (n=3,143,963) (n=606,701)

Male, n (%) 1,462,453 (46:5) 297.024 (49.0)

Sexual orientation, n (% among known)a

Heterosexual 472,324 (96-4) 233,365 (95-5)
Gay or leshian 14,083 (2:9) 8314 (3-4)
Bisexual 3584 (0-7) 2641 (11)
Unknown sexual orientation, n (%) 2,653,972 (84-4) 362,381 (59:7)
Age, mean (SD) 44.6 (17-9) 374 (16-2)
Race/ethnicity, n (% among known)
White 1,521,081 (51.9) 251,520 (44-0)
Hispanic 565,576 (19-3) 138,861 (24-3)
Asian 504,896 (17-2) 131,410 (23-0)
Black 217,561 (7-4) 36,589 (6-4)
Other 120,775 (4-1) 13,415 (2-3)
Unknown race/ethnicity, n (%) 214,074 (6-8) 34,906 (5-8)
Received care in 1 of 3 cities with high HIV incidence, n (%) 438,462 (13-9) 91,953 (15-2)
Resided in 1 of 8 urban ZIP codes with high HIV incidence, n (%) 70,105 (2-2) 16,779 (2:8)
Incident HIV diagnosis within 3 years, n (%) 701 (<0-1) 83 (<0-1)

a . . . .
Sexual orientation data was based on sex, and gender of sex partners, as recorded in the electronic health record.
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