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Background: HIV preexposure prophylaxis (PrEP) is effective but underutilized, in part because
clinicians lack tools to identify PrEP candidates. We developed and validated an automated
prediction algorithm using electronic health records (EHR) data to identify individuals at increased
risk for HIV acquisition.

Methods: We used machine learning algorithms to predict incident HIV infections using 180
potential predictors of HIV risk drawn from EHR data from 2007-2015 at Atrius Health, an
ambulatory group practice in Massachusetts, USA. The best-performing model was validated
prospectively using 2016 data from Atrius Health and externally using 2011-2016 data from
Fenway Health, a community health center specializing in sexual healthcare in Boston,
Massachusetts. We assessed the model’s performance at identifying individuals with incident HIV
and patients independently prescribed PrEP by clinicians using cross-validated area under the
curve (cv-AUC).

Findings: Cohorts included 1,155,966 Atrius Health patients from 2007-2015 (including 150
[<0-1%] patients with incident HIV), 537,257 patients in 2016 (16 [<0-1%] with incident HIV),
and 33,404 Fenway Health patients from 2011-2016 (423 [1-3%] with incident HIV). The best-
performing algorithm had a cv-AUC of 0-86 (95% CI 0-82-0-90) for identifying incident HIV
infections in the development cohort, 0-91 (95% CI 0-81-1-00) on prospective validation, and 0-77
(95% CI 0-74-0-79) on external validation. The model successfully identified patients
independently prescribed PrEP by clinicians at Atrius Health (cv-AUC 0-94, 95% CI 0-90-0-97) or
Fenway Health (cv-AUC 0-79, 95% CI 0-78-0-80). HIV risk scores increased steeply at the 98"
percentile. We designated patients with scores above this threshold as potential PrEP candidates
and prospectively identified 9,515/536,384 (1-8%) new PrEP candidates at Atrius Health in 2016.

Interpretation: Automated algorithms can efficiently identify patients at increased risk for HIV
acquisition. Integrating these models into EHRs to alert providers about patients who may benefit
from PrEP could improve PrEP prescribing and prevent new HIV infections.

Funding: The Harvard University Center for AIDS Research, the Providence/Boston Center for
AIDS Research, the Rhode Island IDeA-CTR [U54GM11567], and the US Centers for Disease
Control and Prevention.

INTRODUCTION

HIV preexposure prophylaxis (PrEP) decreases HIV incidence in high-risk populations.1-
In 2014, the US Centers for Disease Control and Prevention (CDC) recommended PrEP as
an HIV prevention option for individuals at substantial risk for HIV infection.® To date,
however, PrEP has been underutilized. The CDC estimates that 1.1 million Americans have
indications for PrEP,® but only 100,000 individuals were prescribed PrEP in 2017.7 Few
primary care providers have prescribed PrEP.8 Reasons for the low rate of prescribing
include insufficient time to assess HIV risk during clinical visits, limited knowledge about
PrEP, and uncertainty about whether providing PrEP lies within their clinical purview.®
There is consequently a need for tools to help providers identify persons at high risk of HIV
acquisition who may benefit from PrEP.10

Electronic clinical decision support using data embedded in patients’ electronic health
records (EHRs) could address this need and might empower more primary care providers to
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prescribe PrEP. Prior studies have demonstrated the utility of EHR data to predict important
clinical outcomes!?:12 and inform clinical decision support interventions'314 in other areas
of medicine. Potential predictors of HIV risk available in EHR data include demographics,
sexually transmitted infection (STI) testing and diagnoses, diagnoses for viral hepatitis and
substance use disorders, and suggestive prescriptions (e.g. empirical treatment for STls,
medications for opiate use disorders).

We developed prediction models for incident HIV using EHR data from a general primary
care population. We envisioned a prediction model for incident HIV as a first-stage
screening tool to prompt primary care providers to discuss interest and suitability for PrEP
with higher risk patients. We derived the prediction model using data from Atrius Health, a
healthcare organization serving a general primary care population, and validated it
prospectively using an additional year of data from Atrius. We further validated the model
by applying it to EHR data from Fenway Health, a community health center specializing in
healthcare for sexual and gender minorities, and compared model predictions to incident
HIV cases at Fenway Health and to clinicians’ independent PrEP prescribing at both Atrius
Health and Fenway Health.

METHODS
Study Setting and Design

Atrius Health provides ambulatory care at 32 clinical sites to 550,000 patients annually in
Massachusetts, USA and uses an EHR system (EPIC, Verona, WI) for documenting clinical
healthcare data. Fenway Health in Boston, Massachusetts provides primary care to 18,000
patients annually, and its primary care clinicians prescribe PrEP routinely. Fenway Health
also uses an EHR system (Centricity™, Boston, MA) for documenting healthcare.

We derived a predictive model for incident HIV infection using Atrius Health data from Jan
1, 2007 to Dec 31, 2015 (development cohort) and validated its performance prospectively
using Atrius Health data from Jan 1, 2016 to Dec 31, 2016 (prospective validation cohort),
and externally using Fenway Health data from Jan 1, 2011 to Dec 31, 2016 (external
validation cohort). We developed our model in accordance with the TRIPOD statement for
prediction models.1®

The primary outcome was incident HIV infection, defined as 1) an incident positive HIV
enzyme-linked immunosorbent assay (ELISA) with confirmatory Western Blot with no prior
evidence of positive HIV tests or HIV-related prescriptions; or 2) a positive HIV ELISA or
Antibody/Antigen test following a negative HIV ELISA within the preceding 2 years and no
prior evidence of positive HIV tests or HIV-related prescriptions. We also compared model
predictions of HIV risk to clinicians’ assessment of HIV risk as reflected by their
independent PrEP prescribing. PrEP prescribing was defined as =2 prescriptions for
tenofovir disoproxil fumarate with emtricitabine =2 months apart to a patient without
evidence of HIV or chronic hepatitis B infection.
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Multiple categories of EHR data were extracted to maximize the breadth of potential
predictor variables, including demographics, diagnoses, prescriptions, and laboratory tests.
Expert physicians proposed 180 EHR variables potentially associated with HIV risk. Of
these, 46 variables were removed because their values were zero for all patients or because
they were identical to another variable in the dataset, leaving 134 covariates for model
development (appendix p 1). EHR data on gender identity and gender of sexual partners
were not available at Atrius Health. To improve identification of men who have sex with
men and transgender persons, we included variables suggestive of anal sex, such as testing
for rectal STIs and diagnosis codes for anal dysplasia, and diagnosis codes associated with
transgender status.

EHR data were extracted using ESP (Electronic medical record Support for Public Health,
esphealth.org), a generalizable open-source public health surveillance platform for analyzing
and communicating EHR data to public health departments, practice managers, or clinicians
as appropriate.18

Study Cohorts

All Atrius Health patients aged =15 with at least 1 clinical encounter during 2007-2015 were
queried by ESP for any of the following: 1) HIV infection; 2) PrEP prescriptions; or 3) any
of the potential EHR predictor variables (appendix p 1). The prospective validation cohort
comprised patients aged =15 seen during 2016. The external validation cohort included all
Fenway Health patients seen during 2011-2016.

Model Development

We developed 42 candidate prediction models using machine learning and logistic
regression models and compared their performances at discriminating between patients with
incident HIV and matched control patients. Cases of incident HIVV were matched by sex to
up to 50 controls. We developed and compared candidate models using Super Learning
(appendix pp 5,6).

Model Validation

Our primary measure of algorithm performance was discrimination, the ability to separate
individuals who developed HIV from those who did not. We focused on discrimination
because our goal was to stratify patients according to their risk of incident HIV to identify
potential PrEP candidates. We measured discrimination using ten-fold cross-validated area
under the receiver-operating curve (cv-AUC) weighted to account for case-control sampling.
After identifying the candidate algorithm with the highest cv-AUC using Atrius Health data
from 2007-2015, we validated its performance prospectively using 2016 data. To assess
generalizability to a population with high HIV incidence, we measured this model’s cv-AUC
for incident HIV cases at Fenway Health. We also calculated the cv-AUC for identifying
patients receiving PrEP prescriptions at Atrius Health and Fenway Health to compare model
predictions to providers’ independent clinical decisions. Model calibration, the agreement
between observed outcomes and predictions, was assessed by comparing HIV incidence at
Atrius Health in 2016 to model predictions.
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Identification of PrEP Candidates

We identified potential PrEP candidates at Atrius Health by calculating HIV risk scores (i.e.
probability of an incident HIV diagnosis) for every HIV-uninfected patient not on PrEP
during 2007-2015. We then inspected the distribution of scores for an inflection point to
define a subgroup of patients with elevated scores relative to the general population who
might thus represent possible candidates for PrEP.

We calculated numbers of patients with incident HIV or PrEP prescriptions who had scores
above the inflection point and selected alternative thresholds, such as the 90™ percentile
score for the general population, the median score for patients with incident HIV, and the
median score for patients independently prescribed PrEP by clinicians. We calculated
sensitivity, specificity, and positive and negative predictive values for all thresholds.

Study procedures were approved by the IRB at Harvard Pilgrim Health Care with a waiver
of written informed consent.

Role of the Funding Sources

The study sponsors had no role in study design; collection, analysis, and interpretation of
data; writing of the report; or the decision to submit the paper for publication.

RESULTS

Of 1,155,966 Atrius Health patients seen during 2007-2015, 150 (<0-1%) were diagnosed
with incident HIV and 90 (<0-1%) initiated PrEP. There were 537,257 patients seen at Atrius
Health in 2016 (16 [<0-1%] with incident HIV, 128 [<0-1%] initiating PrEP), and 33,404 at
Fenway Health during 2011-2016 (423 [1-3%] with incident HIV, 1,813 [5-4%)] initiating
PrEP) (Table 1). The proportion of Fenway Health patients with incident HIV (1,300 per
100,000) was 100 times greater than in the Atrius Health population (13 per 100,000). The
cohorts were similar with respect to racial and ethnic composition, but Fenway Health
patients included 6-5% transgender or gender non-conforming patients while gender at
Atrius Health was only recorded as binary.

The majority of incident HIV infections and nearly all PrEP prescriptions were in men in
both practices (appendix p 7). Patients with incident HIV were disproportionately Black and
those prescribed PrEP were disproportionately White at both healthcare organizations.

Using the development cohort, weighted cv-AUCs for the 42 candidate prediction
algorithms ranged from 0-42 to 0-86. The highest cv-AUC was obtained using LASSO (least
absolute shrinkage and selection operator) (cv-AUC 0-86, 95% CI 0-82-0-90, Figure 1).
LASSO's automated variable selection procedure retained 23 predictor variables in the final
model (Table 2). These included diagnosis codes (e.g. syphilis and HIV counseling),
laboratory tests (e.g. numbers of HIV tests), prescriptions (e.g. penicillin G benzathine), and
registration data (e.g. race). This model was used to generate all subsequently reported
prediction scores.
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The LASSO model had good prospective discrimination, with a cv-AUC of 0-91 (95% ClI
0-81-1-00) using 2016 data. Discrimination was also good when the model was applied
externally to Fenway Health (cv-AUC 0-77, 95% CI 0-74-0-79), and when applied to detect
PrEP patients at Atrius Health (cv-AUC 094, 95% CI 0-90-0-97) and Fenway Health (cv-
AUC 0-79, 95% CI 0-78-0-80).

Of 537,257 Atrius Health patients seen in 2016, 16 (<0.1%) had incident HIV. This
proportion of new cases (3-0 per 100,000) is larger than the 23 per 100,000 expected with
our model. Upon further inspection, 3 of the incident HIV cases were first seen at Atrius
Health in 2016 and thus had no historical data to inform their risk prediction. When
excluding these cases, the proportion of remaining cases with incident HIV (2-4 per
100,000) indicates the LASSO model was well-calibrated among patients with at least 1
year of historic EHR data.

We used the LASSO model to calculate HIV risk scores for all Atrius Health patients seen
during 2007-2015; patients with no recorded risk factors were assigned scores of 0.
Predicted risk ranged from 0 to 95,000 out of 100,000, with a median of 0 (interquartile
range [IQR] 0 to 1-6 out of 100,000), and a mean of 22 out of 100,000. A marked increase in
risk scores was seen at the 98t percentile (Table 3). Amongst 1,154,724 Atrius Health
patients without HIV or PrEP use during 2007-2015, 23,018 (2-:0%) had scores above the
98! percentile and were defined as potential PrEP candidates, as were 9,515/536,384 (1.8%)
Atrius Health patients seen in 2016 and 4,385/28,702 (15-3%) Fenway Health patients.

Six (37.5%) of the 16 patients with incident HIV and 62/128 (48:-4%) patients initiating
PrEP at Atrius Health in 2016 had risk scores above the 98t percentile and would thus have
been flagged by the model as potential PrEP candidates using this threshold (Table 3). At
Fenway Health, 196/423 (46-3%) patients with incident HIV and 851/1,813 (46-9%) PrEP
patients would have been flagged. Table 3 illustrates how varying the threshold for flagging
patients would affect the number of potential PrEP candidates in each study cohort. For
example, at the 901 percentile, the model would identify 15/16 (94%) Atrius patients newly
diagnosed with HIV in 2016 as PrEP candidates and 115/128 (89-8%) of patients prescribed
PrEP, as well as 386/423 (91-3%) Fenway patients with incident HIV and 1,721/1,813
(94-9%) PrEP users. However, using this alternative threshold would also increase the
number of patients flagged by the algorithm to 48,533/536,384 (9-0% of the population) at
Atrius Health in 2016, and 16,023/28,702 (55-8% of the population) at Fenway Health.

Sensitivity and specificity of the model for detecting incident HIV varied for different risk
score thresholds in the development cohort (Table 4) and the validation cohorts (appendix p
8). Positive predictive values were low and negative predictive values were high at all score
thresholds for all study cohorts.

In the Atrius Health population during 2007-2015, HIV prediction scores for patients with
incident HIV (median score 25 out of 100,000, IQR 8:6 to 76 out of 100,000) were higher
than scores for the general population (median score 0, IQR 0 to 1.6 out of 100,000; p
<0-0001), as were scores for patients using PrEP (median score 42 out of 100,000, IQR 29 to
250 out of 100,000; p<0:0001). There were 22,893/1,154,724 (2:0%) patients with scores
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above the median score of patients with incident HIV, and 6,647/1,154,724 (0-6%) with
scores above the median score of patients prescribed PrEP.

DISCUSSION

We used EHR data from over 1 million patients to develop and validate an automated
prediction model to identify patients at increased risk for HIV acquisition and therefore
potential candidates for PrEP. Our model discriminated well between patients with and
without incident HIV (cv-AUC 0-86-0-91) and between patients with and without PrEP
prescriptions (cv-AUC 0-93) in a general primary care population. We identified many
patients with HIV risk scores substantially higher than the general population who were not
prescribed PrEP, therefore providing an opportunity to prompt providers to conduct targeted
discussions with patients about their eligibility and interest in PrEP.

The HIV prediction model we developed was fitted using data from a general primary care
organization but could also discriminate between patients with and without incident HIV in
an independent practice serving sexual and gender minorities and among patients whom
expert clinicians deemed suitable for PrEP. These findings indicate this model may be
generalizable to diverse healthcare organizations.

Predictive performance was lower at Fenway Health, possibly because of differences in HIV
epidemiology, patterns of healthcare, and EHR usage. Model performance for distinct
populations could potentially be improved by model building directly upon data from
specific target populations.

Many patients with incident HIV or PrEP use in our study had low HIV risk scores,
illustrating that some patients at risk for HIV acquisition, or deemed suitable for PrEP by
clinicians, are not identified as PrEP candidates using the score cut-offs we evaluated.
Presumably these patients’ HIV risk behaviors did not result in distinctive EHR profiles, or
these were patients with little historical data. Possible explanations for non-suggestive EHR
profiles include patients not offering and/or providers not eliciting information about HIV
risk behaviors,17:18 information on risk behaviors being recorded only in free text, failure of
providers to document or act on disclosed risk behaviors (e.g. with appropriate STI testing),
or receipt of pertinent healthcare externally (e.g. attending walk-in STI clinics). For PrEP,
providers may also be prescribing to risk-averse patients who request PrEP despite their low
risk for HIV.2 Our model’s inability to identify all patients at risk of incident HIV
underscores the importance of integrating the results of prediction models with routine,
comprehensive HIV risk assessments by knowledgeable clinicians.1® Prediction models
using historical EHR data might also overestimate some patients’ current HIV risk. Thus,
alerts about high-risk patients should prompt patient-provider discussions about PrEP and
not necessarily result in prescriptions. Nonetheless, our models correctly identified 6 of the
16 (37-5%) patients diagnosed with incident HIV in 2016 while flagging only 2% of the
general population. If clinicians had discussed PrEP with all patients with risk scores above
our cut-off and prescribed PrEP to those who indicated current high-risk behaviors, our
model could have helped avert nearly 40% of the new HIV infections at Atrius Health in
2016. We believe that this cut-off would identify a large proportion of high-risk patients
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without placing an undue burden on clinicians. Machine learning algorithms thus provide an
efficient means to screen large populations for high-risk individuals who merit HIV testing
and consideration for PrEP.

Disparities exist in PrEP uptake in the US, with racial and ethnic minorities
underrepresented among PrEP users despite being at increased risk for HIV.20 Lower PrEP
uptake among minorities may result from structural challenges to accessing preventive
health care, such as insurance and financial barriers, medical mistrust, and providers’
implicit biases.2! Machine learning algorithms could inadvertently exacerbate disparities in
PrEP provision if based on health care variables that vary by race, ethnicity, gender, or other
patient characteristics?2 (e.g. insurance status, income). Conversely, machine learning
algorithms might also mitigate providers’ biases in PrEP prescribing by providing objective
risk assessments.23 Our final model included Black race and primary language as predictors,
suggesting our model could improve identification of minority individuals. Future
implementation studies will need to examine how HIV prediction models impact disparities
in PrEP use.

This study adds to the literature on machine learning algorithms to predict important clinical
outcomes using EHR data. These algorithms have been used to predict nosocomial
Clostridioides difficile infection, and clinical outcomes from sepsis, myocardial infarction,
Ebola virus disease, and other conditions.10-12.24-26 For H|V, a recent study applied machine
learning to EHR data from an academic medical center to predict incident HIV with
acceptable precision.2” Our study extends this work by demonstrating the value of machine
learning to identify individuals who merit clinical evaluation for PrEP prospectively,
externally, and relative to clinicians’ independent PrEP prescribing decisions.

Our study has limitations. First, the HIV prediction model we developed may not be
generalizable to organizations that lack the EHR covariates used in our model. However, we
used clinical variables commonly embedded in EHRs, including diagnosis codes and
common laboratory tests. Notably, ESP, the platform we used for data extraction, is open-
source and can interface with any EHR system, so dissemination of HIV prediction models
using this platform could facilitate generalizability. Second, our strict definition of incident
HIV was intended to exclude all non-incident cases of HIV, but we may have inadvertently
excluded some recent HIV infections, which could affect model performance. Third, our
model likely underestimated risk in patients with a paucity of EHR data. Fourth, the absence
of comprehensive behavioral data in structured EHRs (e.g. data on sexual contacts with HIV-
infected partners) precludes comparing our model to CDC indications for PrEP. However,
CDC indications for PrEP may have low sensitivity for identifying individuals who acquire
HIV.28 It is possible that some patients identified as potential PrEP candidates by our model
may still benefit from using PrEP even if they do not meet CDC criteria. Fifth, race was not
recorded for many Atrius Health patients. Our final model included predictor variables for
race despite these missing data, suggesting that this model can be applied under real-world
conditions where identification of patients’ racial characteristics may be incomplete. Sixth,
our datasets included few women with incident HIV infection. Developing prediction
models using data from populations with more women who acquire HIV might improve
model performance for those populations. Seventh, our case-detection algorithms could have

Lancet HIV. Author manuscript; available in PMC 2020 October 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Krakower et al.

Page 9

misclassified repeated HIV postexposure prophylaxis (PEP) prescriptions as PrEP. We
expect that misclassification was uncommon given predominant use of 3-drug PEP at Atrius
Health. Eighth, our model had generally lower positive predictive values than HIV risk
prediction tools that incorporate patient-reported behavioral data.2® However, our model had
substantially better discrimination, suggesting the usefulness of our model as a first-stage
screening tool to prompt clinical evaluations. Finally, our study data was set exclusively in
primary care settings. As clinical decision support for emergency department providers can
improve PrEP uptake,3 and because many high-risk patients receive healthcare outside of
primary care, such as ST clinics, further development of prediction models for additional
healthcare settings is warranted.

In conclusion, our study demonstrates that automated HIV prediction algorithms can harness
the data in EHRSs to efficiently identify potential PrEP candidates. Additional studies are
needed to further optimize these models, integrate them into EHRSs at the point-of-care, and
evaluate their impact on PrEP prescribing and HIV prevention.

Supplementary Material

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

We searched PubMed using combinations of the search terms “HIV”, “preexposure

prophylaxis”, “preexposure prophylaxis”, “PrEP”, “risk prediction”, “risk score”,
“clinical prediction rule”, “prediction model”, “risk assessment tool”, “predictive
analytics”, and “machine learning” for all articles published on or before January 9, 2019
(the date of our final search). Studies have demonstrated that HI\ preexposure
prophylaxis (PrEP) can decrease HIV incidence in priority populations. However, PrEP
uptake in the United States has been limited thus far. One of the barriers to scale-up PrEP
is that few primary care providers have prescribed PrEP, in part because these providers
do not routinely ask their patients about sexual and substance use behaviors to determine
their eligibility for PrEP use. The United States Preventive Services Task Force has
identified a need to develop and validate tools to identify persons at increased risk for
HIV acquisition as a way to improve PrEP provision. Our literature search revealed that
there are few validated tools to help providers with HIV risk assessments. Moreover,
existing risk assessment tools have suboptimal predictive performance and require
providers to manually calculate risk scores for individual patients, both of which limit
their utility in clinical practice.

Added value of this study

We used machine learning algorithms to develop and validate an automated model to
predict incident HIV infections within an ambulatory group practice in Massachusetts
using electronic health record data. The model was validated prospectively at this practice
and externally using data from a community health center specializing in sexual
healthcare in Boston. Cohorts included 1,155,966 ambulatory practice patients from
2007-2015 for model development (including 150 [<0-1%] patients with incident HIV),
537,257 patients in 2016 for prospective validation (16 [>0:-1%] with incident HIV), and
33,404 community health center patients from 2011-2016 (423 [1-3%] with incident
HIV). The prediction model had a cross-validated area under the curve (cv-AUC) of 0-86
for identifying incident HIV infections in the development cohort, 0-91 on prospective
validation, and 0-77 on external validation. The model could also identify patients
independently prescribed PrEP by clinicians at the ambulatory practice (cv-AUC 0-94) or
the community health center (cv-AUC 0-79). Patients’ HIV risk scores at the ambulatory
practice increased steeply at the 98" percentile of scores. We defined patients with scores
above this threshold as potential PrEP candidates and prospectively identified
9,515/536,384 (1-8%) new PrEP candidates at the ambulatory practice in 2016. If
clinicians had discussed PrEP with all patients with risk scores above our cut-off and
prescribed PrEP to those who indicated current high-risk behaviors, our model could
have helped avert nearly 40% of the new HIV infections at Atrius Health in 2016.

Implications of all the available evidence

Automated algorithms can generate models that efficiently identify persons at increased
risk for HIV acquisition based on their electronic health records profiles. Model
performance for identifying high-risk individuals in distinct populations could potentially
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be further improved by model building directly upon data from specific target
populations. Integrating HIV risk prediction models into primary care and alerting
providers about patients who merit clinical evaluations for PrEP use could improve
prescribing and prevent new HIV infections.
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Figure 1: Weighted cross-validated area under the receiver-operating curve (cv-AUC) for 42
candidate prediction algorithms fit on cases (n=150) and controls (n=7,466) in the development
cohort - Atrius Health, 2007-2015.

LASSO, least absolute shrinkage and selection operator; ridge, ridge regression; nnet, neural
networks; glm, generalized linear model (logistic regression); step, logistic regression with
stepwise backwards selection; rForest, random forest; svm, support vector machines.
Algorithm abbreviations with “pre” denotes use of preselected covariates, with “auc”
denotes AUC loss function instead of deviance loss, with “wt” denotes weighted regression,
with “10” denotes undersampling with approximately 1:10 ratio of cases to controls, and
with “20” denotes undersampling with approximately 1:20 ratio of cases to controls. For
neural nets, the first number denotes the ratio of cases to controls, and the second number
denotes the number of nodes in the network’s single hidden layer, e.g., 20-5 indicates a 1:20
case control ratio, with 5 nodes in the network’s hidden layer (appendix p 6).
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Demographic characteristics, incident HIV infections, and PrEP use in the development, prospective

validation, and external validation cohorts.

Development Cohort

Prospective Validation

External Validation

Atrius Health, 2007-2015 Cohort Cohort
Atrius Health, 2016 Fenway Health,
2011-2016
Parameter Total cohort Controls® Total cohort Total cohort
(n=1,155,966) (hn=7.466) (n=537,257) (n=33,404)
Age (years), mean (SD)b 35.0 (22-2) 44.7 (18) 39-1 (23-3) 345 (12:3)
Gender, n (%)
Male 495,871 (42.9) 5967 (79-9) 228,239 (425) 20,796 (62-3)
Female 658,351 (57-0) 1499 (20-1) 309,010 (57-5) 10,371 (31.0)
Transgender or gender non-conforming® - - - 2,231 (67)
Unknown 1744 (0-2) - 8(<01) -
Race/ethnicity, n (%)
White 694,124 (60-1) 5555 (74-4) 390,353 (72.7) 22,826 (68-3)
Black 60,239 (5-2) 655 (88) 37,147 (6:9) 2,706 (8-1)
American Indian or Alaska Native 1,048 (0-1) 8(0-1) 539 (0-1) 74 (0-2)
Asian 66,810 (5-8) 352 (4.7) 34,192 (6-4) 2,388 (7-1)
Native Hawaiian and Other Pacific Islander 427 (<01) 1(<01) 195 (< 0-1) 125 (0:4)
Other 38,645 (3-3) 660 (88) 21,248 (4-0) 3,409 (10-2)
Hispanic or Latino 33,636 (2:9) 235 (3-1) 17,426 (3-2) 1,876 (5-6)
Unknown 261,037 (22-6) - 36,157 (6:7) -
At least 1 EHR predictor variable suggestive of HIV 399,385 (34:5) n/a 245,459 (457) n/a
risk? n (%)
Incident HIV, n (%) 150 (< 0-1) nla 16 (< 0-1) 423 (1-3)
PrEP use, n (%) 90 (<01) n/a 128 (< 0-1) 1,813 (5:4)

EHR, electronic health records; PrEP, preexposure prophylaxis; n/a, not applicable.

aTo create a set of control patients for algorithm development, 0-7% of HIV-uninfected males per year and 0-11% of HIV-uninfected female
controls per year were sampled from among the 399,385 patients with EHR data suggestive of HIV risk. These proportions were chosen to yield

approximately 50 controls per case.

bAge as of the beginning of the study period or, for those patients who had not yet established care as of this date, as of the date of their first

documented EHR data element.

C . )
Data not available at Atrius Health.

Data on patients with at least 1 EHR predictor variable suggestive of HIV infection are not shown for Fenway Health, as the entire patient
population at Fenway Health was used for validation studies given the high HIV incidence in this population.
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Table 2:

Prevalence of predictor variables for patients with incident HIV infection versus controls in the development
cohort, and LASSO model coefficients for each predictor variable.

Electronic health record predictor variables® Incident HIV (n=150) (ﬁggtzgg Coefficient”

Diagnosis codes, n (%)

Syphilis of any site or stage except late latent 6 (4-0) 5(0-1) 1.00
HIV counseling in prior 2 years 8 (5-3) 26 (0-3) 1.10
Contact with or exposure to venereal disease 15 (10-0) 139 (1.9) 0-29

Laboratory tests

Number of positive gonorrhea tests in prior 2 years, mean (SD) 0-04 (0:23) 0-00 (0-02) 307
Number of Chlamydia tests, mean (SD) 0-00 (0-0) 0-00 (0-03) -0-15
Number of HIV tests, mean (SD) 0-81(1.71) 0-18 (0-62) 0-12
Number of HIV ELISA tests, mean (SD) 0-61 (1:35) 0-15 (0-54) 0-16
Number of HIV tests in prior 2 years, mean (SD) 0-44 (0-97) 0-09 (0-34) 0-23
Number of HIV RNA tests in prior year, mean (SD) 0-05 (0:40) 0-00 (0-02) 0-15
Testing for acute HIVE n (%) S 701 182
Testing for acute HIV in prior 2 years, n (%) 4@ 2(<01) 0-16
Prescriptions, n (%)
Intramuscular penicillin G benzathine 8 (5-3) 2(<01) 1.80
Intramuscular penicillin G benzathine in prior year 5(3:3) 0(0:0) 1.36
Intramuscular penicillin G benzathine in prior 2 years 5(3-3) 1(<01) 0-21
Buprenorphine and naloxone in prior 2 years 2(1-3) 26 (0-3) 0-20
Registration data
Years of prior electronic health records data, mean (SD) 274 (2:72) 392 (2:68) -0.07
At least 1 year of prior electronic health records data, n (%) 92 (61-3) 6153 (82:4) -0-63
At least 2 years of prior electronic health records data, n (%) 72 (48.0) 5230 (70-1) -0-40
Any data on primary language, n (%) 129 (86-0) 7145 (95:7) -0.08
English as primary language, n (%) 114 (76-0) 6778 (90-8) -042
Black race, n (%) 51 (34.0) 655 (8-8) 1.06
White race, n (%) 55 (36.7) 5555 (74-4) -066
Male gender, n (%) 120 (80) 5967 (79:9) 1.87

ELISA, enzyme-linked immunosorbent assay; RNA, ribonucleic acid.
a . . . ] .
The variables shown are those included in the final LASSO algorithm.

To calculate an HIV risk prediction score, the value of each variable is multiplied by its coefficient and the products are then summed to generate
the risk score on the logit scale. Binary variables are assigned a value of 1 if affirmative and 0 if non-affirmative.

Testing for acute HIV defined as HIV RNA testing among individuals without evidence of HIV infection.
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Table 4:

Performance of LASSO algorithm for detecting incident HIV infection in the development cohort.

Percentile of HIV risk score used to  Risk score (out of

Sensitivity ~ Specificity  Posi
%0) (%)

tive predictive

Negative predictive

define test positivity 100,000) value (%) value (%)
10% 0 100 65-4 0-04 100
20% 0 100 65-4 0-04 100
30% 0 100 654 0-04 100
40% 0 100 65-4 0-04 100
50% 0 100 65-4 0-04 100
60% 0 100 654 0-04 100
70% 1 96-0 70-3 0-04 100
80% 2 94.7 804 0-06 100
90% 8 773 900 0-10 100
91% 9 713 91-0 0-10 100
92% 10 700 92.0 011 100
93% 11 700 931 0-13 100
94% 12 68-7 942 0-15 100
95% 13 67-3 95.0 0-18 100
96% 15 647 96-3 0-22 100
97% 18 56-7 97-0 0-25 100
98% 25 50.7 98.0 0-33 100
99% 32 41-3 99-0 0-54 100

a.,. . - . . .
High negative predictive values reflect the low HIV incidence in the population.
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