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Abstract

We previously developed an electronic medical record-based algorithm for identifying patients at risk for HIV
in the emergency department (ED). The aim of this study was to evaluate the performance of the HIV risk
algorithm for identifying cisgender women with a pre-exposure prophylaxis (PrEP) indication. To retrospectively
evaluate the HIV risk algorithm, we identified cisgender women with HIV diagnosed in the ED and retrospectively
calculated the HIV risk algorithm output. To prospectively validate the algorithm, we surveyed cisgender women
seeking care in the ED regarding behavioral risks for HIV. We prospectively determined whether the algorithm
identified them as PrEP candidates. In the retrospective evaluation, 9.4% (2/21) of women with incident HIV
infection were identified as at risk for HIV by the algorithm. In the prospective evaluation, 24% (59/245) of women
who completed the survey had a PrEP indication based on self-report of behavioral risk factors for HIV. The
sensitivity of the algorithm for identifying cisgender female PrEP candidates was 10%, and the specificity was
96%. PrEP indications missed by the electronic algorithm included condomless sex in a high HIV prevalence area,
multiple sex partners, male partners who have sex with men, and recent bacterial sexually transmitted infections
diagnosed at outside clinics. An electronic algorithm to identify PrEP candidates in the ED has low sensitivity for
identifying cisgender women with PrEP indications. More research is needed to identify electronic data that can
improve the algorithm sensitivity among cisgender women.
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Introduction

Pre-exposure prophylaxis (PrEP) is highly effective
for preventing HIV acquisition, but only a fraction of the

individuals who could benefit from PrEP are receiving it.1

Many HIV-negative individuals who are at increased risk for
HIV access medical care but are not prescribed PrEP, re-
sulting in missed opportunities.2 Medical providers fail to
prescribe PrEP for a variety of reasons, including lack of
knowledge regarding PrEP indications and limited time to
assess HIV risk among their patients.3,4

To increase PrEP prescription in clinical settings, recent
research has focused on developing automated systems
for identifying PrEP candidates using electronic medical
record (EMR) data.5,6 Such automated systems utilize EMR-
based algorithms to predict individual patients’ risk for HIV

acquisition and PrEP eligibility. These algorithms can as-
sist medical providers in identifying patients who would
benefit from HIV risk assessment, HIV prevention coun-
seling, and PrEP.

To date, EMR-based algorithms for identifying PrEP can-
didates have shown good accuracy for identifying men who
would benefit from PrEP but have performed suboptimally
among cisgender women.6,7 For example, a recently devel-
oped machine-learning HIV risk algorithm failed to identify
any cases of incident HIV infection among women in a val-
idation cohort.7 The discrepancy in the performance of these
algorithms for men versus women is especially concerning
given that women are disproportionately under-represented
among PrEP users.8

We previously developed and implemented an EMR-based
algorithm to identify patients in the emergency department
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(ED) who are at risk for HIV and would benefit from PrEP.9

However, in the first year of implementation of this electronic
HIV risk algorithm, only 7.5% of patients identified by the
algorithm as potential PrEP candidates were women. As
women account for 20% of new HIV infections in the United
States, the algorithm identified fewer women than expected.
Therefore, the aim of this study was to evaluate the sensitivity
and specificity of the HIV risk algorithm among cisgender
women in an effort to inform revisions needed to enhance
prediction for women.

Materials and Methods

At our institution (a large urban academic medical center),
an electronic HIV risk algorithm is embedded in the EMR
and automatically calculated for all patients at the ED triage.
Development of the HIV risk algorithm has been previously
described.9 Briefly, the algorithm was developed by per-
forming HIV risk assessment for patients testing negative
for HIV in the ED. We created a logistic regression model
by using EMR data available at the time of triage to model
the outcome of having a PrEP indication, as defined by the
United States Public Health Services (USPHS).10 The model
was converted into an electronic risk score (HIV risk score)
and incorporated into the EMR. The HIV risk score includes
the following EMR data elements: male sex (7 points), chief
complaint related to sexually transmitted infection (STI)-
associated symptoms (6 points), age £20 years (13 points), age
21–24 years (8 points), positive STI in the previous 6 months
(21 points), and man who has sex with men (21 points). For
patients with an HIV risk score ‡16, an electronic alert is
generated that triggers HIV prevention counseling and PrEP
linkage as needed.

Retrospective evaluation of electronic HIV risk score

To retrospectively evaluate the performance of the HIV risk
score, we calculated the sensitivity of the score for identifying
women with incident HIV infection. We retrospectively re-
viewed the charts of all cisgender women with a new posi-
tive HIV test in the ED between January 1, 2011 and April 30,
2018. We then determined how many women with incident
HIV infection were flagged by the algorithm as potential PrEP
candidates (i.e., HIV risk score ‡16). Because the goal of the
HIV risk score is to identify individuals as PrEP candidates
before HIV seroconversion, we calculated the HIV risk score
for previous ED visits as well as the index ED visit where
individuals were diagnosed with HIV.

Prospective evaluation of electronic HIV risk score

To prospectively evaluate the performance of the HIV risk
score, we surveyed HIV-negative cisgender women seeking
care in the ED regarding behavioral risk factors associated
with HIV acquisition.11 The survey was conducted between
May 7, 2018 and August 31, 2018 at the University of Chi-
cago Medicine (UCM). Based on self-reported behaviors, we
determined whether survey participants had a PrEP indica-
tion based on the 2017 USPHS summary guidance PrEP
criteria (i.e., HIV-positive sexual partner, recent bacterial
STI, high number of sex partners in the past 6 months, history
of inconsistent or no condom use in the past 6 months, and/or
commercial sex work).10,12

We then calculated the sensitivity, specificity, positive
predictive value (PPV), and negative predictive value (NPV)
of the electronic HIV risk score for identifying cisgender
female PrEP candidates using the USPHS PrEP criteria as a
gold standard.

This study was approved by the University of Chicago
Institutional Review Board. For the retrospective evaluation,
a waiver of consent was granted. For the prospective evalu-
ation, informed consent was obtained.

Results

Retrospective evaluation

Fifty-one cisgender women tested positive for HIV in the
ED during the study period. Of these, 21 (41.2%) patients
were newly diagnosed with HIV. Among the 21women with
incident HIV infection, the median age was 38 years (inter-
quartile range, 29–47) and 95.2% (20/21) were Black. Only
one (1/21, 4.7%) cisgender woman with incident HIV in-
fection had an HIV risk score ‡16 during the ED visit when
they were diagnosed with HIV. None of the women had a
history of a positive STI in the previous 6 months docu-
mented in the EMR, and only 19% (4/21) presented to the ED
with a chief complaint related to STI symptoms.

Overall, 33.3% (7/21) of women with incident HIV in-
fection had visited the UCM ED before the visit when they
tested positive for HIV. Among these women, only one had
an HIV risk score ‡16 at a previous ED visit. Taking into
account all ED visits, the HIV risk algorithm had a sensitivity
of 9.5%, that is, 2 out of 21 (9.5%) of cisgender women with
incident HIV infection were identified by the algorithm.

Prospective evaluation

Two hundred forty-five cisgender women completed the
survey in the ED. Table 1 shows demographics of survey
participants. Twenty-four percent (59/245) of survey partic-
ipants met the USPHS criteria for PrEP indication. Ten per-
cent (6/59) of participants with a PrEP indication had an HIV
risk score ‡16 (Table 2). Based on the prospective evaluation,
the HIV risk algorithm had a sensitivity of 10%, a specificity
of 96%, PPV of 43%, and NPV of 77% (Table 2). PrEP
indications among participants who were not detected by the
HIV risk algorithm included history of inconsistent condom
use in a high HIV prevalence area (86.8%, 46/53), multiple
sex partners in the previous 6 months (67.9%, 36/53), self-
reported recent bacterial STI (9.4%, 5/53), and a male sex
partner who has sex with other men (3.8%, 2/53).

Discussion

EMR-based algorithms have the potential to increase PrEP
prescriptions for at-risk patients by helping medical providers
identify patients with PrEP indications. However, we found in
both retrospective and prospective evaluations that the EMR-
based HIV risk algorithm utilized at our institution has low
sensitivity for identifying cisgender women with a PrEP
indication. The EMR algorithm we evaluated is a simple point-
based risk score based on a logistic regression model. How-
ever, other more complex HIV risk assessment algorithms,
including machine-learning algorithms, have also performed
poorly among women. Marcus et al. developed a machine-
learning model to predict incident HIV infection by using
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EMR data.7 Their model correctly identified nearly half of
the incident HIV cases among males but failed to identify
any incident HIV cases among females. Krakower et al.
also developed a machine-learning model to predict inci-
dent HIV infection by using data from a large ambulatory
group’s EMR.6 Although the majority of patients seen by

the group were women, there were very few incident cases
of HIV infection among women in their dataset, limiting
the performance of their model among women.

This gender gap in the accuracy of EMR algorithms for
detecting PrEP indications is particularly concerning given that
cisgender women make up a disproportionately low percent-
age of PrEP users compared with men.13 The CDC estimates
that *180,000 women in the United States are eligible for
PrEP.10,14,15 However, in 2018, <9000 women were prescribed
PrEP; this number represents <5% of women with a clinical
indication for PrEP.13 In 2018, the PrEP-to-need ratio (defined
as number of PrEP prescriptions divided by number of new
HIV diagnoses) for women was less than a third of that for
men (1.6 vs. 5.7), indicating a substantial disparity in PrEP
use among women compared with their need.1

Common PrEP indications missed by the HIV risk al-
gorithm were inconsistent condom use in a high HIV-
prevalence area, multiple sex partners, and sex with male
partners who have sex with other men. These factors are
not often documented in structured fields of the EMR that
are readily utilized by an EMR-based algorithm. The EMRs
could be designed to encourage documentation of these risk
factors in structured fields. Natural language processing
(NLP) of unstructured text of clinical notes in the EMR
also may be able to detect these and other nuanced risk
factors for HIV acquisition. Indeed, Feller et al. found that
an algorithm utilizing both structured fields and NLP of
unstructured clinical notes to predict risk for HIV acqui-
sition was more accurate than an algorithm using struc-
tured EMR data alone.16 The HIV risk algorithm also
failed to detect women with recent bacterial STIs not di-
agnosed in our health care system. Data sharing between
EMRs from different health systems and/or public health
departments could potentially improve sensitivity for de-
tecting STIs diagnosed at outside institutions.

This study has several limitations. We used USPHS
summary criteria for PrEP as the gold standard for PrEP
indications. However, these criteria may exclude some
cisgender women who are at risk for HIV and who would
benefit from PrEP.12 It is possible that some of the women
who received ‘‘false positive’’ EMR HIV risk alerts (i.e.,
women with HIV risk scores ‡16 who do not meet USPHS
summary criteria for a PrEP indication) actually would
benefit from PrEP. If this is the case, then the PPV of the
algorithm may be higher. In addition, we examined char-
acteristics of an EMR HIV risk algorithm utilized in the ED
at our institution. The algorithm was implemented in the
ED because individuals who receive ED care are often
disproportionately at risk for HIV and may have limited
access to other health care settings where they could re-
ceive PrEP.17 However, our findings may not be general-
izable for other alerts or in other care settings.

Table 1. Demographics of Survey Participants

Characteristic

n (%)

n = 245

Age (years)
Median (IQR) 29 (24–34)

Race/ethnicity (not mutually exclusive)
Black/African American 221 (90.2%)
White 14 (5.7%)
Hispanic or Latina 12 (4.9%)
Asian 5 (2.0%)
American Indian/Alaska Native 4 (1.6%)
Other 12 (4.9%)

Education level
Some high school 17 (6.9%)
High school or GED 87 (35.5%)
Some college 98 (40.0%)
Bachelor’s degree 24 (9.8%)
Graduate degree 16 (6.5%)
Missing 3 (1.2%)

Insurance
Private insurance 50 (20.4%)
Public insurance 120 (49.0%)
None 30 (12.2%)
Don’t know/missing 75 (30.6%)

Presenting for STI testing or treatment
Yes 25 (10.2%)
No 213 (86.9%)
Missing 8 (3.2%)

Had syphilis or gonorrhea in the past 6 months
Yes 8 (3.3%)
No 237 (96.7%)

Number of vaginal sex partners
0 46 (18.8%)
1 141 (57.6%)
‡2 54 (22.0%)
Missing 4 (1.6%)

Number of anal sex partners
0 195 (79.6%)
1 24 (9.8%)
‡2 3 (1.2%)
Missing 23 (9.4%)

GED, graduate equivalency degree; IQR, interquartile range; STI,
sexually transmitted infection.

Table 2. Results of Prospective Evaluation of Electronic HIV Risk Score

PrEP indication No PrEP indication Total Characteristic

EMR HIV risk alert 6 8 14 PPV = 43% (6/14)
No EMR HIV risk alert 53 178 231 NPV = 77% (178/231)
Total 59 186 245
Characteristic Sensitivity = 10% (6/59) Specificity = 96% (178/186)

EMR, electronic medical record; NPV, negative predictive value; PPV, positive predictive value; PrEP, pre-exposure prophylaxis.
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Conclusions

In summary, we found that an electronic algorithm to
identify patients in the ED at risk for HIV who may benefit
from PrEP had low sensitivity but high specificity for iden-
tifying cisgender women with a PrEP indication. More re-
search is needed to identify additional EMR data elements
that can improve the sensitivity of EMR-based algorithms for
identifying cisgender women who would benefit from PrEP.
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