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Abstract

Individuals with unknown HIV status are at risk for undiagnosed HIV, but practical and reliable

methods for identifying these individuals have not been described. We developed an algorithm to

identify patients with unknown HIV status using data from the electronic medical record (EMR)

of a large healthcare system. We developed EMR-based criteria to classify patients as having

known status (HIV-positive or HIV-negative) or unknown status and applied these criteria to all

patients seen in the affiliated healthcare system from 2008–2012. Performance characteristics of

the algorithm for identifying patients with unknown HIV status were calculated by comparing a

random sample of the algorithm’s results to a reference standard medical record review. The

algorithm classifies all patients as having either known or unknown HIV status. Its sensitivity and

specificity for identifying patients with unknown status are 99.4% (95% CI: 96.5%–100%) and

95.2% (95% CI: 83.8%–99.4%), respectively; with positive and negative predictive values of

98.7% (95% CI: 95.5%–99.8%) and 97.6% (95% CI: 87.1%–99.1%), respectively. Using

commonly available data from an EMR, our algorithm has high sensitivity and specificity for

identifying patients with unknown HIV status. This algorithm may inform expanded HIV testing

strategies aiming to test the untested.
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INTRODUCTION

Fifty-five percent of Americans have never been tested for HIV (CDC, 2010), and

individuals with unknown HIV status are at risk for undiagnosed HIV. Undiagnosed HIV,

estimated as 18.1% of HIV infections in the US, remains a clinical and public health

concern, and its prevalence has not substantially decreased in over a decade (CDC, 2012;

Prejean et al., 2011). Individuals with undiagnosed HIV have increased risk for adverse

clinical outcomes (Chadborn et al., 2006; Palella et al., 2003) and contribute

disproportionately to HIV transmission (Marks et al., 2006). Risk-based HIV testing is

linked to high rates of undiagnosed HIV and missed opportunities for earlier diagnosis

(CDC, 2006; Jenkins et al., 2006). To address limitations of risk-based testing, in 2006

national recommendations and expert panels began calling for non-targeted expanded HIV

testing for all individuals 13–64 years old at least once regardless of perceived risk, and

annually if at high-risk (Branson et al., 2006; Chou et al., 2012; Moyer et al., 2013; Qaseem

et al., 2009; White House Office of National AIDS Policy, 2010).

Identifying patients with unknown HIV status is critical for estimating the scope of

undiagnosed HIV and estimating the impact of interventions. Unknown HIV status has

primarily been ascertained using self-report of prior HIV testing (Merchant et al., 2009;

Myers et al., 2012; Shuter et al., 1997). However, individuals frequently misunderstand

whether they were HIV tested (Albrecht et al., 2012; Hutchinson et al., 2004; Jenness et al.,

2009). Therefore, estimates of unknown HIV status based on self-report have questionable

validity, and testing strategies relying on self-report may fail to reach a significant

proportion of the untested.

Electronic medical records (EMRs) are conducive to automated queries and facilitate case-

finding (Kawasumi et al., 2011; Navaneethan et al., 2011; Peissig et al., 2012; Szumski et al,

2009). Regarding HIV, EMRs have been used primarily to identify HIV-positive patients

(Antoniou et al., 2011; Fasciano et al., 1998; Fultz et al., 2006). Whether EMR data can

accurately identify patients with unknown HIV status remains an important question because

unknown HIV status is not normally affirmed in EMRs as an explicit finding, but rather is

inferred by the absence of data suggesting known HIV status either because the patient is

HIV-positive or HIV-negative.

We describe the development of an EMR-based algorithm to identify patients with unknown

HIV status in a large urban healthcare system and report the algorithm’s performance

characteristics. Elsewhere, we report the algorithm’s application to ascertain prevalence of

unknown HIV status and inform HIV testing strategies.

METHODS

Setting

Approximately 10% of those living with HIV/AIDS in the US live in New York City

(NYC), and the Bronx is one of NYC’s boroughs most profoundly impacted by HIV/AIDS

(NYC Department of Health and Mental Hygiene [NYC DOHMH], 2012a). The Bronx has
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an HIV prevalence of 1.7%, and has the highest HIV/AIDS-related mortality rate in NYC

(NYC DOHMH, 2012b). Montefiore Medical Center (MMC) is the largest healthcare

system in the Bronx and its patient population reflects that of the borough: 37% African

American, 54% Hispanic/Latino, 51% have Medicaid, 13% uninsured, and 30% living

below the poverty line. MMC has three adult hospitals and Emergency Departments (EDs)

and over 50 outpatient sites. Together, these sites see 90,000 inpatient admissions, 300,000

ED visits, and 2.7 million outpatient visits annually (MMC, 2012). Clinical, laboratory, and

administrative data from these sites are captured in an EMR that was introduced in 1997.

We developed and applied our algorithm using health surveillance software that incorporates

temporal and logical parameters to query a replicate of the MMC EMR (Clinical Looking

Glass®; Emerging Health Information Technology, Yonkers, NY).

Algorithm Development and Assessment

To develop and assess our algorithm we defined a reference standard against which we

compared the algorithm. We then selected EMR data to include in the algorithm, developed

criteria to classify patients as known HIV status (HIV-positive or HIV-negative) or

unknown HIV status, and finally applied a structure to the criteria. We calculated the

algorithm’s performance characteristics for identifying patients with unknown HIV status by

comparing results of the algorithm to those of the reference standard.

Reference Standard—To evaluate the algorithm’s accuracy for identifying patients with

unknown status, we required a gold standard. Because no accepted gold standard for

unknown HIV status exists, we defined a reference standard using medical record review.

We designed the reference standard to replicate a review that clinicians would perform to

ascertain whether patients have known or unknown HIV status using commonly accessible

data in medical records. The medical record review included manual review of inpatient and

outpatient clinical notes, laboratory results, radiology and pathology reports, and

medications. Criteria not normally used by clinicians performing manual chart review (e.g.

billing codes or criteria containing complex temporal rules) were not included in our

reference standard. Our reference standard definitions are:

HIV-positive: Defined by the presence of a positive HIV Western blot (WB),

detectable HIV viral load (VL), documentation of HIV infection by a provider, or

prescription of antiretroviral therapy (ART) (excluding ART use as pre/post-exposure

prophylaxis determined by documentation in the record).

HIV-negative: Defined by not fulfilling the definition of HIV-positive and by the

presence of a negative HIV antibody (Ab) test (oral swab or blood test) or undetectable

VL.

Unknown HIV status: Defined by neither fulfilling the definitions of HIV-positive nor

HIV-negative.

In cases of conflicting medical record data (e.g. documentation of HIV infection followed by

a negative HIV antibody), the most recent data were used to make the final determination of

HIV status.
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Selection of EMR Data—We considered laboratory, billing (International Classification

of Disease, 9th Revision, Clinical Modification [ICD9-CM]), and problem list data for

inclusion as criteria in the algorithm. Although we included prescription data in the

reference standard definition of HIV status, we did not consider these data for use in the

algorithm because of incomplete capture across our healthcare system.

To select laboratory data to include, we reviewed all HIV-related laboratory assays used in

our healthcare system since EMR implementation. Table 1 includes the complete list of

assays considered. We excluded HIV genotypes, phenotypes, and tropism assays because

these results are sent to providers and not captured in the EMR.

To select billing and problem list data, we reviewed all billing and problem list entries that

contained the terms “Human Immunodeficiency Virus,” “Acquired Immunodeficiency

Syndrome,” “HIV,” or “AIDS.” Entries that contained these terms but were not specific for

active HIV infection of the patient in whose record it appeared (e.g. “HIV counseling,”

“HIV exposure,” and “HIV infection in mother”) were excluded. Table 1 reports all included

and excluded billing codes and problem list entries.

Algorithm Criteria—Using EMR data, we developed criteria to classify patients as having

known HIV status (HIV-positive or HIV-negative) or unknown HIV status. Attributes of

data that we considered included whether data were present or absent in patients’ EMR, the

frequency with which data appeared in patients’ EMR (e.g. number of HIV-related billing

events or number of undetectable VLs), and values taken by the data (e.g. specific laboratory

result, billing code, or problem list entry) in patients’ EMR. A criterion was considered

fulfilled if the definition was met at any time in patients’ EMR.

Laboratory criteria we considered indicative of HIV infection included a positive HIV WB

or detectable VL. To identify HIV-positive patients well controlled on ART, we also

constructed a composite criterion that included at least two undetectable VLs from different

times sent concurrently with at least two CD4 counts (regardless of the CD4 count value).

Laboratory criteria we considered indicative of HIV-negative status included a negative HIV

Ab or undetectable VL among individuals who did not fulfill criteria as HIV-positive.

Although maintaining HIV-negative status is dependent on risk-behaviors subsequent to

one’s last negative HIV test, for the purposes of algorithm development, we considered any

prior negative test as evidence of HIV-negative status.

Billing criteria we considered indicative of HIV infection included a single inpatient HIV-

related billing event or at least two outpatient HIV-related billing events, which is consistent

with a previously published algorithm (Fultz et al., 2006). Problem list criteria we

considered indicative of HIV infection included the entry of an HIV-related problem. No

billing or problem list criteria were considered indicative of HIV-negative status.

Patients who did not fulfill criteria as HIV-positive or HIV-negative were considered to have

unknown HIV status. Because the only criterion for patients to be identified as having

unknown HIV status was not fulfilling criteria for being HIV-positive or HIV-negative, the

algorithm can process all patients regardless of the amount or type of EMR data. Our criteria
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for classification of HIV-positive, HIV-negative, and unknown HIV status are summarized

in Table 2.

Algorithm structure—Because patients’ EMR can contain conflicting data regarding

HIV status over time, we explored several algorithms allowing for different temporal and

hierarchical relationships. For example, we developed an algorithm accounting for patients

who erroneously fulfilled HIV-positive criteria but subsequently had a negative HIV WB.

We created three different algorithms that included the same criteria, but allowed for

different temporal associations among the criteria and gave certain criteria the ability to

“overrule” others when determining HIV status. Of the 1,502,836 unique patients with an

EMR, 299 (0.02%) were classified differently by the different algorithms.

We identified the algorithm most accurately classifying HIV status among these

differentially classified patients using a random number generator to select a sample of 30

(10.0%) of these 299 patients to compare with the reference standard medical record review.

A single researcher (UF), blinded to the algorithms’ classifications, applied the reference

standard to this sample. The algorithm with the greatest proportion of patients whose HIV

status was concordant with the reference standard was chosen as the final algorithm.

Determination of performance characteristics—To determine the final algorithm’s

performance for identifying patients with unknown HIV status, we applied the algorithm to

all unique patients with at least one inpatient admission, outpatient visit, or ED visit between

2008–2012. We chose this timeframe to ensure accessibility to all medical record elements

for the reference standard review. Using the random sampling command in STATA (v.12,

StataCorp; College Station, TX), we selected a sample of 200 patients to undergo

classification of HIV status according to the reference standard medical record review.

Estimating that between 1%–2% of patients are known to be HIV-positive, we chose this

sample size to increase the likelihood of including patients in each category of HIV status

(unknown HIV status, HIV-negative, and HIV-positive). A single researcher (UF), blinded

to the algorithm’s classification, performed medical record reviews. Based on concordance

between the reference standard classification and that of the algorithm, we calculated the

performance characteristics for how the final algorithm identifies unknown HIV status,

including its sensitivity, specificity, and positive and negative predictive values. The 95%

confidence intervals were calculated using binomial expansion.

RESULTS

Figure 1 displays the final algorithm for the determination of known and unknown HIV

status. Between 2008–2012, 1,000,738 unique patients had at least one inpatient admission,

outpatient visit, or ED visit. The algorithm identified 791,634 (79.1%) patients as having

unknown HIV status. Of the remaining 209,104 patients identified as having known HIV

status, 197,037 (19.7%) were identified as HIV-negative, and 12,067 (1.2%) were identified

as HIV-positive.

The random sample of 200 patients selected to undergo the reference standard medical

record review represents 0.02% of patients. The number of patients from the random sample
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identified by the algorithm as having unknown status, HIV-negative, and HIV-positive were

159 (79.5%), 38 (19.0%), and 3 (1.5%), respectively. Among sampled patients, the reference

standard identified 158 (79.0%), 39 (19.5%), and 3 (1.5%) as having unknown HIV status,

HIV-negative, and HIV-positive, respectively. Concordance between classifications of HIV

status according to the reference standard and the algorithm is shown in Table 3. The

algorithm’s sensitivity and specificity for identifying patients with unknown HIV status

were 99.4% (95%CI: 96.5%–100%) and 95.2% (95%CI: 83.8%–99.4%), respectively. In the

population sampled, the algorithm’s positive and negative predictive values for identifying

patients with unknown status were 98.7% (95%CI: 95.5%–99.8%) and 97.6% (95%CI:

87.1%–99.9%), respectively (Table 3).

DISCUSSION

We developed an algorithm using commonly available data from the EMR of a large

healthcare system to identify patients with unknown HIV status. Our algorithm has high

sensitivity and specificity for identifying patients with unknown HIV status, as well as high

positive and negative predictive values. To our knowledge, this is the first description of an

algorithm using EMR data to identify patients with unknown HIV status that has been

assessed against a reference standard. Identifying patients with unknown HIV status has

important individual and public health implications.

Several studies reported algorithms that identify patients’ HIV status. These algorithms use

billing data alone to identify HIV-positive patients and are primarily used to monitor

epidemiologic trends and clinical outcomes (Antoniou et al., 2011; Fasciano et al., 1998;

Fultz et al., 2006). Unlike these algorithms, by incorporating a wide variety of EMR data

and a structure accounting for contradictory data regarding HIV status, our algorithm

identifies not only HIV-positive patients, but also those who are HIV-negative and have

unknown HIV status. We are aware of one other study that used an EMR-based tool to

identify patients with unknown HIV status (Goetz et al., 2008). Unlike that study, we report

which EMR data were used in the determination of HIV status, how conflicts among data

elements were resolved, and the performance characteristics of our algorithm for identifying

patients with unknown HIV status when compared to a reference standard.

Using an EMR-based algorithm to identify patients with unknown HIV status has several

strengths. First, by including a wide range of data, such a tool addresses the many ways in

which patients are identified as having a known HIV status, particularly those who are HIV-

positive. By identifying and then excluding patients with known HIV status, an EMR-based

tool enables a robust, objective, and reproducible process for identifying those with

unknown HIV status. This has distinct advantages over patient self-report of prior testing as

a method for ascertaining unknown HIV status, which has questionable validity (Albrecht et

al., 2012; Hutchinson et al., 2004; Jenness et al., 2009). Second, by using an EMR-based

tool to identify patients with unknown HIV status, automated clinical decision support in the

EMR can be used to strategically offer HIV testing. Finally, because many EMRs contain

similar data elements, an EMR-based algorithm should be transferrable across healthcare

systems.
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Despite our algorithm’s strengths, it also has limitations. First, the algorithm is limited to

data available in our EMR and cannot access data, including HIV tests, from outside our

healthcare system. Because our EMR was launched in 1997 and captures data from a large,

integrated healthcare system repeatedly accessed by many patients, we believe this

limitation is attenuated. Two limitations due to the algorithm’s design deserve comment.

First, because of how prescription data are captured in our EMR, we did not include these

data as criteria in the algorithm. However, when we applied the algorithm to a registry of

3,517 patients who received HIV care in our system from 2011–2012, our algorithm

identified 3,505 (99.7%) as HIV-positive, suggesting the value added by addition of a

medication criterion would be minimal. Second, according to the current criteria, the

algorithm identifies patients as HIV-negative if they ever tested negative for HIV. This

definition allows for a maximum estimate of patients known to be HIV-negative, and is

consistent with the New York State Public Health law mandating the offer of HIV testing to

patients in healthcare settings at least once (New York State Department of Health, 2010).

However, patients who engage in HIV risk-behaviors after a negative HIV test remain at risk

for HIV infection, and therefore, the accuracy of our “HIV-negative” classification depends

on time since the last negative test and ongoing risk factors. In future iterations of the

algorithm, we will examine how varying time since last negative HIV test impacts rates of

unknown HIV status.

Our algorithm has numerous applications that can help understand expanded HIV testing

strategies. First, our process for determining the algorithm’s performance characteristics

demonstrates its ability to produce a prevalence estimate of unknown HIV status. We found

a prevalence of unknown HIV status of 79.1% among patients who had any inpatient

admission, outpatient visit, or ED visit in our healthcare system from 2008–2012. While this

demonstrates feasibility of using the algorithm for this purpose, it will be important to apply

the algorithm to specific populations for whom the question of unknown HIV status is more

relevant. Second, serial application of the algorithm to monitor trends in prevalence of

unknown HIV status will enable us to measure the impact of expanded HIV testing

strategies on the prevalence of unknown HIV status, a key outcome for expanded testing

strategies aiming to “test the untested.” Third, efficient implementation of expanded testing

strategies in healthcare systems in which low-risk patients frequently have recurrent visits is

challenging (Hudepohl et al., 2011; Lyons et al., 2009). Because our algorithm is EMR-

based, it can be operationalized to facilitate strategic testing efforts directed to those patients

who may be at greatest risk for undiagnosed HIV. Finally, while the algorithm will be most

accurate and useful when applied to healthcare systems with robust EMRs that practice

routine HIV testing, as use of EMRs and health information exchanges proliferate (Jha et al.,

2010; Adler-Milstein et al., 2009), application of the algorithm in different healthcare

systems may provide insight into different roles that HIV testing plays in local prevention

efforts within an HIV epidemic notable for regional diversity.

In conclusion, we developed an algorithm with high sensitivity and specificity that can be

used to identify individuals with unknown HIV status. This algorithm can advance our

understanding of the proportion of individuals with unknown HIV status, measure the

impact that expanded HIV testing strategies have on the proportion of individuals with

unknown HIV status, allow for strategic testing of those with unknown status, and should be
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transferrable across healthcare systems. Identifying individuals with unknown HIV status

can inform expanded HIV testing strategies implemented as part of HIV prevention efforts.
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Figure 1.
Algorithm for the Determination of HIV Status using EMR Data. The algorithm uses logical

and temporal criteria to classify all patients as having known HIV status (HIV-positive or

negative) or unknown HIV Status. EMR indicates electronic medical; ICD9, International

Classification of Disease, 9th Revision; VL, viral load; UD, undetectable; WB, HIV Western

blot; Ab, HIV antibody test.
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Table 1

HIV-related laboratory, billing, and problem data considered for algorithm criteria

Category of Data Laboratory* Billing (ICD9) Problem List

Included

HIV Ab (rapid)
HIV Ab (standard)
HIV viral load
HIV western blot
CD4 count (concurrent
w/ VL†)

042 HIV Disease
042.0 HIV & Specific Infection
042.1 HIV Causing Other Infection
042.2 HIV with Neoplasm
042.9 Unspecified AIDS
043 HIV Causing Condition NEC
043.0 HIV Lymphadenopathy
043.1 HIV causing CNS disease
043.2 HIV causing other disorders involving the immune
mechanism
043.3 HIV causing disease NEC
043.9 AIDS Related Complex NOS
044 Other HIV Infection
044.0 HIV with Acute Infection
044.9 HIV infection NOS
079.53 HIV, Type 2
795.78 Positive Serologic Findings; HIV
V08 Asymptomatic HIV Infection

AIDS
AIDS due to HIV-1
AIDS due to HIV-II
AIDS related dementia
Asymptomatic HIV infection
Cryptosporidiosis related to HIV
HIV infection
HIV positive
HIV-1 AIDS
HIV-1 infection
HIV-2 AIDS
HIV-2 infection
HIV

Excluded

HIV Genotype
HIV Phenotype
HIV tropism

795.71 Nonspecific evidence of HIV HIV counseling
HIV exposure
HIV infection in mother
HIV complicating pregnancy

*
Each category of laboratory test listed includes multiple different assays used in our system since implementation of the EMR in 1997

†
Viral load
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Table 2

Summary of criteria included in algorithm

Category of Data HIV-positive HIV-negative Unknown HIV status

Laboratory

1 Presence of a positive HIV
western blot

2 Presence of a detectable HIV viral
load

3 Presence of two undetectable HIV
viral loads sent concurrently with
two CD4 counts

1 Presence of a
negative HIV

antibody test (rapid
or standard)*

2 Presence of an
undetectable HIV

viral load*

Neither fulfilling criteria for HIV-
positive or HIV-negative status

Billing

1 Presence of a single inpatient HIV-
related ICD9 event

2 Presence of two outpatient HIV-
related ICD9 events

None

Problem List
1 Presence of a single HIV-related

problem list entry None

*
Among patients not fulfilling criteria for HIV-positive
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Table 3

Performance characteristics of final algorithm

Medical Records

Unknown HIV Status Known HIV Status*

Algorithm
Unknown HIV Status 157 (“True Unknown”) 2 (“False Unknown”)

Known HIV Status* 1 (“False Known”) 40 (“True Known”)

Sensitivity= 99.4% (96.5–100) Positive Predictive Value = 98.7% (95.5–99.8)

Specificity= 95.2% (83.8–99.4) Negative Predictive Value = 97.6% (87.1–99.9)

*
Known HIV status includes those identified as HIV-positive or HIV-negative
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