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Continuous engagement in HIV care and treatment is crucial for the health of persons
living with HIV (PLWH) and for preventing HIV transmission to others. However, in the United
States (US), care engagement, or retention in care, represents the biggest drop off in the HIV
care continuum, which maps out the care process from HIV testing and diagnosis, linkage to
and retention in HIV care, and ultimately achievement of viral suppression. Many health
departments in the US use HIV surveillance data to facilitate HIV care engagement activities, a
process known as data to care. While Data to Care programs have had some success, their
effectiveness is hindered by the completeness and timeliness of HIV surveillance data. A novel
approach to Data to Care uses real-time data exchange between HIV surveillance with external
data sources, such as emergency department (ED) and inpatient (IP) hospitalization data and
jail booking rosters, to improve the signal of Data to Care investigations, and provide a setting

and an opportunity to re-engage PLWH in HIV care. Since real-time data exchange involves
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linking data sources that don’t often have a shared unique person identifier, these programs
should also consider the accuracy of the record linkage algorithms they utilize, in order to

maximize their reach and efficiency.

We investigated the effect of the use of real-time data exchange on HIV care
engagement outcomes in two settings: emergency department and inpatient hospitals and in
jails. First, we evaluated the impact of an existing ED/hospital-based health information
exchange on HIV care outcomes. We compared the proportion of patients that had a viral load
test in the 3 months and viral suppression in the 6 months after an alert-eligible ED
visit/inpatient admission in the pre-intervention (01/20/13-01/20/15) and post-intervention
(07/20/15-07/20/17) periods. To assess whether our pre/post results could be due to secular
trends, we compared the difference between patients with an alert-eligible ED visit/IP
admission to patients who had a visit outside of the alert window in both the pre-intervention

and post-intervention periods.

Next, we developed a new automated, real-time data exchange between public health
HIV surveillance and county jail data to identify incarcerated PLWH and facilitate post-
incarceration HIV care engagement efforts. A team of public health relinkage specialists and jail
release planners used this data exchange to guide case conferences about patients who were
virally unsuppressed or out-of-care and jointly developed a plan for re-engagement in care and
treatment. We compared viral load testing within 3 months and viral suppression within 6
months after release from jail among PLWH released in the post-intervention period (04/01/18-
11/01/18) to those released in the pre-intervention period (10/01/16-10/01/17) using Cox

proportional hazards models.



Finally, we compared the performance of record linkage algorithms commonly used by
data exchanges commonly used in public health practice. We compared five deterministic
algorithms and two probabilistic record linkage algorithms using simulations and a real-world
scenario. We simulated pairs of datasets while varying the number of erroneous fields per
record and overlap between these datasets. We matched datasets using each algorithm and
calculated their recall (sensitivity) and precision (positive predictive value). In a real-world
scenario, HIV and STD surveillance data from King County, WA were matched to identify PLWH
who had a syphilis diagnosis. We used manual review to define a gold standard and calculate

recall and precision.

In our evaluation of an ED/hospital-based health information exchange, patients in the
post-intervention period were 1.08 times more likely to have a viral load test within 3 months
after an ED visit/IP admission (95% Cl: 0.97, 1.20) and 1.50 times more likely to achieve viral
suppression within 6 months after an ED visit/IP admission (95% Cl: 1.27, 1.76). However, there
was a similar pre/post increase in both HIV care engagement (DID: 1.00, 95% Cl: 0.84, 1.18) and
viral suppression (DID: 1.01, 95% CI: 0.84, 1.20) among patients with visits outside of the alert

window.

After implementation of a real-time data exchange between HIV surveillance and jail
booking data coupled with HIV care coordination between health department and jail release
planners, viral load testing within 3 months after release from jail increased by 35% (95% Cl:
0.84, 2.18) and viral suppression within 6 months after release from jail increased by 37% (95%

Cl: 0.82, 2.30), but these differences were not statistically significant.



In our simulation study, we found that probabilistic algorithms maintained a high recall
at nearly all data quality levels, while being comparable to deterministic algorithms in terms of
precision. Deterministic algorithms typically failed to identify matches in scenarios with low
data quality. In the real-world scenario, probabilistic algorithms had the lowest trade-off

between recall and precision.

The results of this dissertation indicate that ED/hospital-based data exchange provides
substantial opportunities to interact with PLWH who are poorly engaged in HIV care. However,
the observed increase in HIV re-engagement and viral suppression after implementation of this
data exchange may reflect secular trends resulting from diverse interventions of which this
program was only one. Real-time health information exchange with emergency departments
and hospitals can identify PLWH who are inadequately engaged with care and facilitate D2C
efforts, but more efforts are needed to improve the effectiveness of reengagement
interventions linked to real-time D2C. Implementation of a real-time data exchange between
HIV surveillance and jail booking rosters resulted in a trend towards improved post-
incarceration HIV care outcomes for incarcerated PLWH who are virally unsuppressed/out-of-
care in King County. Real-time data exchange between health departments and county jails is a
promising strategy for identifying incarcerated PLWH to support care coordination and
improving post-incarceration HIV care engagement. Finally, in our simulation study on record
linkage algorithms, we found that probabilistic algorithms maximize the number of true
matches identified, while still maintaining high precision. Public health activities that rely on the
integration of multiple data sources to target intervention delivery should utilize probabilistic

algorithms to reduce gaps in the coverage of interventions and maximize their reach.
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Chapter 1. Introduction

Continuous engagement in HIV care and treatment is crucial for the health of persons living with
HIV (PLWH) and for preventing HIV transmission to others. Improving HIV care engagement and
retention is a key area for improvement in the United States National HIV/AIDS strategy, and an integral
part of HIV prevention activities for US health department HIV programs.»> However, retention in care
remains the biggest drop off in the HIV care continuum in the United States.? In 2015, although about
86% of PLWH in the United States had been diagnosed with HIV, only 49% were retained in HIV care,
and 51% were virally suppressed. Improving retention in HIV care would reduce HIV-related mortality

and HIV transmission.*®

The effectiveness of interventions aimed at reducing barriers to care engagement has been
limited by the lack of clear mechanisms to identify and target outreach to PLWH most in need of care re-
engagement assistance. Many health departments use HIV surveillance data to identify out-of-care and
virally unsuppressed PLWH and connect them with resources to improve their HIV care engagement, a
process known as “Data to Care” (D2C).” Most health departments conducting D2C use surveillance data
to generate lists of people who appear to be out of care and attempt to contact these persons.®! To
date, the effectiveness of D2C has been hindered by issues of data quality, completeness, and timeliness
of HIV surveillance data.’? ¢ Since surveillance-based lists of out-of-care PLWH are generated annually
or semi-annually, these data cannot be used to detect abrupt changes in HIV care status due to
important life events (e.g., incarceration). In addition, ascertainment of HIV care status using HIV
surveillance data may be distorted by migration or laboratory reporting delays.'*'* Furthermore, many

patients may re-engage in HIV care before ever being contacted by the health department.?’

One strategy to improve the efficiency and effectiveness of D2C programs is to integrate HIV

surveillance data with external data sources, such as data from emergency department (ED) and
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inpatient hospitalizations and from jails. PLWH who are poorly engaged in HIV care or at high risk of
falling out of care have high rates of ED utilization. ED utilization has also been shown to be associated
with known risk factors of poor HIV care engagement, such as unstable housing and substance/alcohol
use. The emergency department encounter and inpatient hospitalization may present an opportunity for
health department staff conducting HIV care relinkage work to engage PLWH who they could not

otherwise contact.

PLWH also have high rates of incarceration. About 1 in 7 PLWH pass through a correctional
facility ever year, and rates of incarceration among PLWH is three to five times higher than the rate in
the general population. Incarceration disrupts continuous HIV care engagement, and incarcerated PLWH
experience lower rates of retention in care and viral suppression after release from prison or jail
compared to the general HIV-positive population. People of color, transgender individuals, and men who
have sex with men are disproportionately incarcerated and disproportionately affected by the HIV
epidemic. Thus, incarceration may also compound disparities in HIV care delivery among these
vulnerable populations. The delivery of existing post-incarceration HIV care interventions may be more
challenging in the jail setting than in the prison setting because jail stays are shorter and jail volumes are
higher. Because of the shorter length of stay, many PLWH incarcerated in jail may not disclose their HIV
status, despite experiencing a disruption in HIV care. Real-time data exchange between HIV surveillance
and jails could facilitate identification of individuals who are poorly engaged in HIV care before release
from jail and ensure that all incarcerated PLWH have an HIV care plan after release from jail, which

would prevent disruptions in continuous care engagement.

Integrating data systems to improve HIV care engagement requires linking data sources that
typically do not have a shared unique person identifier. Thus, these types of data exchanges require the
use of record linkage algorithms to approximately identify matching records for the same individual

between data sources. The choice of record linkage algorithm could affect the efficiency and the reach
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of interventions. While deterministic algorithms, which use exact matching on specific variables or a set
of matching rules to identify matched record pairs, typically have low false positive rates, they may miss
a great deal of true matches, especially when data quality is poor.?® In contrast, probabilistic algorithms,
which use statistical methods to identify the optimal set of matches, identify a greater number of true
matches, but may also have higher false positive rates. !*2° HIV/STD programs tend to favor
deterministic algorithms because of their typically low rates of false positive matches.®??2 Since a
major concern of working with HIV data is inadvertent disclosure of HIV status, minimizing false matches
is crucial to preserving individual privacy. However, deterministic algorithms may be overly conservative,
resulting in a large number of missed true matches. Missed matches represent missed opportunities to
deliver public health interventions to individuals who need them, and depending on their distribution in
the population, could magnify health inequities. Probabilistic algorithms could potentially offer
increased sensitivity compared to deterministic algorithms, while still identifying a small number of false

matches.

This dissertation evaluates the impact of two interventions that integrate external data sources
with HIV surveillance data on HIV care outcomes in King County, WA. First, we evaluated the impact of
an existing ED- and hospital-based health information exchange on HIV care engagement and viral
suppression among virally unsuppressed PLWH seen at a UW Medicine ED/inpatient hospital (Chapter
2). Next, we developed a novel data exchange between two King County jails and Public Health Seattle
King County’s HIV surveillance data and evaluated its impact on post-incarceration HIV care re-
engagement and viral suppression (Chapter 3). Finally, we conducted a simulation study to compare the
recall, precision, and computational performance of seven matching algorithms commonly used to link
large public health surveillance databases (Chapter 4). We conclude by summarizing the findings of

these studies and discussing their implications (Chapter 5).
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Chapter 2: Evaluation of an emergency department and hospital-based
data exchange to improve HIV care engagement and viral suppression

Abstract:
Background: Emergency department (ED) visits and inpatient (IP) admissions may provide an

opportunity to provide poorly engaged people living with HIV services to improve HIV care
engagement and viral suppression. We developed a real-time data exchange between Public
Health Seattle and King County (PHSKC) and three UW Medicine EDs and hospitals to identify

virally unsuppressed PLWH and relink them to HIV care.

Objective: To evaluate the impact of the PHSKC-UW D2C program on HIV care re-engagement

and viral suppression after an ED visit or inpatient admission.

Methods: We used a pre/post-intervention design to assess the impact of the intervention on
care re-engagement in the 3 months and viral suppression in the 6 months after an eligible visit.
Alerts were triggered for patients who had an ED visit or IP admission between 8AM and 6PM
on weekdays and whose most recent viral load before the visit was >200 copies/mL. Care re-
engagement was defined as >1 viral load result within 3 months and viral suppression as a viral
load <200 within 6 months after an eligible visit. The post-intervention period included all alert-
eligible encounters in the two years after the alert system was implemented. The pre-
intervention period included all alert-eligible encounters in the 7-30 months prior to the
implementation of the system, excluding the 6 months prior to implementation. To assess
whether our pre/post results could be due to secular trends, we compared the difference
between patients with a visit in the 8AM-6PM on weekdays window to patients with a visit

outside of the alert window in both the pre-intervention and post-intervention period.
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Results: There were 647 alert-eligible visits in the post-intervention period and 862 visits in the
pre-intervention period, of which 30% were inpatient hospitalizations. Patients in the
intervention period were 1.08 times more likely than patients in the pre-intervention period to
have a viral load test within 3 months after an ED visit/IP admission (95% Cl: 0.97, 1.20) and
1.50 times more likely to achieve viral suppression within 6 months after an ED visit/IP
admission (95% Cl: 1.27, 1.76). However, there was a similar pre/post increase in both HIV care
engagement (DID: 1.00, 95% Cl: 0.84, 1.18) and viral suppression (DID: 1.01, 95% Cl: 0.84, 1.20)

among pateints with visits outside of the alert window.

Conclusions: The PHSKC-UW D2C program was associated with improved HIV care re-
engagement and viral suppression. However, our results may reflect secular trends resulting
from diverse interventions, of which this program was only one. Real-time health information
exchange with emergency departments and hospitals can identify PLWH who are inadequately
engaged with care and facilitate D2C efforts, but more efforts are needed to improve the

effectiveness of reengagement interventions linked to real-time D2C.

Introduction
Continuous engagement in HIV care and treatment is crucial for the health of persons

living with HIV (PLWH) and for preventing HIV transmission to others. Since 2015, the World
Health Organization and the United States National HIV/AIDS Strategy have emphasized the
goals of improving HIV care engagement and treatment with antiretroviral therapy (ART) and
adopted “treatment-as-prevention” as a key component of HIV prevention.>? However,
retention in care remains the biggest drop off in the HIV care continuum in the United States.?

In 2015, although about 86% of PLWH in the United States had been diagnosed with HIV, only
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49% were retained in HIV care, and 51% were virally suppressed. Improving retention in HIV

care would reduce HIV-related mortality and HIV transmission.*®

The effectiveness of interventions aimed at reducing barriers to care engagement has
been limited by the lack of clear mechanisms to identify and target outreach to PLWH most in
need of care re-engagement assistance. Since 2014, the Centers of Disease Control and
Prevention (CDC) has encouraged state and local health departments to implement
surveillance-based “Data to Care” (D2C) programs,’ which use HIV surveillance data to identify
out-of-care and virally unsuppressed PLWH and connect them with resources to improve their
HIV care engagement. Most health departments conducting D2C use surveillance data to
generate lists of people who appear to be out of care and attempt to contact these persons.-1!
To date, the effectiveness of D2C has been hindered by issues of data quality, completeness,
and timeliness of HIV surveillance data.?72® Since surveillance-based lists of out-of-care PLWH
are generated annually or semi-annually, these data cannot be used to detect abrupt changes
in HIV care status due to important life events (e.g., incarceration). In addition, ascertainment
of HIV care status using HIV surveillance data may be distorted by migration or laboratory
reporting delays. In King County, Washington 47% of PLWH who had one or more 12-month
gap in laboratory reporting from 2006-2010 had moved out of the area, while only 38% had
remained in King County.*? In a similar investigation of “out-of-care” cases involving six US
health departments (Washington, Wyoming, Alaska, Montana, Idaho, and Oregon), between

43% and 90% of PLWH with no CD4/viral load test reported for more than 12 months during

2012-2014 in each state had an explanation other than care disengagement for their gap in
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CDA4/viral load reporting.}* Furthermore, many patients may re-engage in HIV care before ever

being contacted by the health department.’

Integrating emergency department (ED) records with HIV surveillance may be a
promising strategy to prioritize D2C investigations to serve vulnerable populations that are
most in need of relinkage assistance.?®> PLWH who are poorly engaged in HIV care or at high risk

24-26 ED utilization has been shown to be

of falling out of care have high rates of ED utilization.
associated with known risk factors of poor HIV care engagement, such as unstable housing and
substance/alcohol use.?*#?> The emergency department encounter may present an opportunity
for health department staff conducting HIV care relinkage work to engage PLWH who they

could not otherwise contact. In this way, integrating HIV surveillance data with ED data in real-

time could improve the efficiency and quality of HIV D2C interventions.

In 2015, Public Health Seattle and King County (PHSKC), in partnership with University of
Washington (UW) Medicine, implemented a real-time data exchange in which health
department staff are sent a short messaging service (SMS) notification when an out-of-care
PLWH is seen at an emergency department or admitted as an inpatient at one of three UW
Medicine hospitals: Harborview Medical Center (HMC), the University of Washington Medical
Center (UWMC), and Northwest Hospital & Medical Center (NWH). HMC is a county hospital
that includes the largest HIV clinic in the area, the Ryan White Part C-funded Madison Clinic.
The public health relinkage team is located on the HMC campus, across the street from the
HMC ED. After receiving an alert, health department staff attempt to contact the patient while
they are still in the ED or inpatient hospital or very soon after they are discharged. This type of

“real-time D2C” offers a way to prioritize re-engagement opportunities presented by D2C

17



programs. However, the effectiveness of this program, and real-time D2C programs more
broadly, is not known. The goal of this project was to determine whether the PHSKC-UW D2C
program improves HIV care engagement and viral suppression among poorly engaged PLWH

who present to the ED or inpatient hospital.

Methods

Data Exchange
The PHSKC-UW Medicine real-time data exchange scans the UW Medicine Enterprise

Data Warehouse (EDW) every five minutes to identify patients presenting in the ED or inpatient
hospital. If a patient has evidence of any previous HIV positive laboratory test and a most
recent viral load >200 copies/mL within the UW Medicine system, the data exchange sends a
short messaging system (SMS) notification to the PHSKC HIV care relinkage team that does not
contain identifying information. The relinkage team receives the patient’s identifying
information using a SQL Server Reporting Services (SSRS) report. The SSRS report is updated in
real-time, and patient information remains on the report until the patient is discharged. After
reviewing the notification and patient information, the relinkage team contacts the nurse
caring for the patient to check on the patient’s status and, when possible, meet with the
patient while they are in the ED or hospital to discuss HIV care re-engagement, identify barriers
to HIV care, and assist with making a follow-up appointment and linking the patient to
supportive services. The HIV relinkage team maintained a brief record of patient interactions in
an Excel spreadsheet, however they did not systematically track all alerts. The intervention is
tailored to the needs of each patient. During the period of this analysis, the data exchange sent
SMS notifications only for patients registered in the ED or admitted to the hospital between 8

AM and 6 PM on Monday through Friday.
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The PHSKC-UW Medicine real-time data exchange was implemented as a public health
program intended to improve patient outcomes and the HIV care continuum in King County,
and was determined not to be research by the University of Washington Institutional Review

Board.

Evaluation Design
We used a pre/post design to evaluate the impact of the PHSKC-UW Medicine real-time

data exchange on HIV care engagement and viral suppression. We defined HIV care
engagement as a viral load test within 3 months after an eligible ED visit/IP admission, and viral
suppression as a viral load less than 200 copies/mL in the 6 months after an eligible visit. The
post-intervention period was defined as the two years after the data exchange was
implemented (07/20/2015 to 07/20/2017). The pre-intervention period was defined as the two
years before the data exchange was implemented with a 6-month washout period (01/20/2013
to 01/20/2015) to ensure that patients in the pre-intervention period could not have either of

the study outcomes in the post-intervention period.

Data Sources
Since the alerts were not maintained in records after the patients’ discharge, we used

EDW data to identify ED visits/IP admissions that would have triggered an SMS alert in both the
pre- and post-intervention periods. Alert eligible visits were defined as visits for patients who 1)
were in the hospital on a weekday between 8 AM and 6 PM, 2) had any previous positive HIV

laboratory test and 3) a viral load >= 200 copies/mL on their most recent viral load prior to their

visit. Since health record data from NWH was not added to the EDW until 2016 (i.e., after the
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end of the pre-intervention period), we restricted our study population to individuals with visits

from HMC and UWMC only.

To obtain data on HIV care outcomes following an eligible visit, we linked patient data
from EDW and PHSKC's electronic HIV/AIDS reporting system (eHARS) using a probabilistic
record linkage algorithm. First name, last name, gender, race/ethnicity, date of birth, and social
security number were included as matching fields. The R package, fastLink, was used to conduct
the match.?’ Patients with an alert-eligible visit in EDW who did not have a match in eHARS (N =
27) were manually reviewed to identify a matching eHARS record. After the manual review
process, all patients with an alert-eligible visit had a matching record in eHARS. Matches
identified by the matching algorithm were manually reviewed to identify any potential

mismatches; no mismatches were identified.

We obtained data on the following covariates using the EDW: age (at the time of the
eligible visit), gender, race/ethnicity, visit type (ED visit or inpatient admission), and facility
(UWMC or HMC). We used each patient’s self-reported history of injection drug use at the time
of HIV diagnosis from eHARS because this information is not systematically collected in or

readily extractable from the medical record.

Statistical analysis
We compared patient characteristics between the pre-intervention and post-

intervention periods using t-tests and chi-square tests. Separate models were used to estimate
the effect of the intervention on HIV care re-engagement within 3 months and viral suppression
within 6 months. Since patients could have multiple ED visits/IP admissions, we used
generalized estimating equations (GEE) with a log link function and Poisson distribution to
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cluster visits for the same patient. We used an autoregressive-1 working correlation structure,
which assumes that observations closer to each other in time are more correlated than those
further apart in time, and used the sandwich estimator to estimate robust standard errors and
95% confidence intervals. Models were adjusted for age, gender (cis-gender male, cis-gender
female, transgender), race/ethnicity (Hispanic, Black, White, other), UW Medicine facility
(UWMC or HMC), self-reported injection drug use at the time of HIV infection, visit type, visit

month, and the number of visits in the prior 6 months.

As defined a priori in our analysis plan, we conducted a sensitivity analysis using a
difference-in-difference approach to assess whether our primary results could be due to secular
trends in HIV care engagement and viral suppression in King County during the study period.
We compared patients who had an alert-eligible visit (i.e., between 8 AM and 6 PM Monday
through Friday) to patients who had visits outside of the alert window (i.e., alert-ineligible
visits). We then estimated the difference in this difference between the pre- and post-
intervention periods. We decided to conduct a second sensitivity analysis post hoc of all
patients who were included in the HIV care relinkage team log and thus had confirmation that

the relinkage team conducted an intervention.

Results
We identified a total of 1844 ED visits/IP admissions among 479 PLWH that met criteria

for being out of care/virally unsuppressed at a UW Medicine facility during our study period
(Figure 2.1). Of the 1070 visits identified during the pre-intervention period, 862 (81%) visits for
276 patients occurred during the alert window, and 208 visits for 122 patients occurred outside

of the alert window. Of the 774 visits identified in the post-intervention period, 647 (84%) visits
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for 242 patients occurred during the alert window, and 127 visits for 77 patients occurred
outside of the alert window. The HIV relinkage team recorded their actions taken in response to
208 of the 647 (32%) alert-eligible visits in the post-intervention period, leading to contact with
145 of the 242 (60%) out-of-care patients with at least one alert-eligible ED visit/IP admission
during the post-intervention period. Of the 1509 alert-eligible visits in the study period, 446
(30%) were inpatient admissions. A majority of alert-eligible visits identified were for patients
whose most recent viral load test was within the year before their visit and who had a viral load
of at least 1000 copies/mL (75% in the pre-intervention period, 69% in the post-intervention

period). Overall, 90% of alert-eligible visits occurred at HMC.

Patient characteristics did not differ between the pre-intervention and post-intervention
periods (Table 2.1). Patients had an average of 3.7 visits (SD = 4.4 visits) in the pre-intervention
period, and 3.1 (SD = 4.5) in the post-intervention period, and there was high variability in the
number of visits per patients in both periods. The majority of patients were over 40 years of age
(61%) and cisgender male (81%). 45% of patients were non-Hispanic White, 32% were non-
Hispanic Black, and 12% were Hispanic/Latinx. About 39% of patients had a history of injection

drug use at the time of their HIV diagnosis.

The proportion of patients who had a viral load test in the 3 months after an alert-
eligible visit increased from 60% to 71% between the pre-intervention and post-intervention
periods (Table 2.2). Compared to patients in the pre-intervention period, patients in the post-
intervention period were 1.08 (95% Cl: 0.97, 1.20) times more likely to have a viral load test
within 3 months of an alert-eligible ED visit/IP admission in the post-intervention period, after

adjusting for age, gender, race/ethnicity, visit type, visit facility, history of injection drug use,
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visit month, and the number of visits in the previous 6 months, but this was not statistically
significant. Similarly, viral suppression within 6 months after an alert-eligible ED visit/IP
admission increased between the pre-intervention and post-intervention period (40% to 56%).
Patients were 1.50 (95% Cl: 1.27, 1.76) times more likely to achieve viral suppression in the 6
months after an eligible visit in the post-intervention period compared to patients in the pre-
intervention period, after adjusting for age, gender, race/ethnicity, visit type, visit facility,

history of injection drug use, visit month, and the number of visits in the previous 6 months.

Among patients who met the criteria for unsuppressed viral load but had a visit outside
of the time window for alerts, 60% in the pre-intervention period and 65% in the post-
intervention period had a viral load test within 3 months after an ED visit/IP admission (Table
2.3). In addition, viral suppression within 6 months after an ED visit/IP admission increased
among patients who had visits outside of the alert window from 35% in the pre-intervention
period to 47% in the post-intervention period. There was no difference in viral load testing
within 3 months after an ED visit/IP admission between patients who had a visit within the alert
window and patients who had a visit outside of the alert window in both the pre-intervention
period (aRR: 1.00; 95% Cl: 0.89, 1.11) or in the post-intervention period (aRR: 1.00; 95% Cl:
0.87, 1.14). Although viral load testing after ED visit/IP admission increased in both groups
between the pre-intervention and post-intervention groups, there was no significant difference
in difference in this increase (Figure 2.2; DID: 1.00, 95% Cl: 0.84, 1.18). Similarly, there was no
significant difference in viral suppression between patients who had a visit within the alert
window and patients who had a visit outside of the alert window in both the pre-intervention

period (aRR: 1.08; 95% Cl: 0.99, 1.19) and post-intervention period (aRR: 1.09; 95% Cl: 0.93,
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1.27). Although viral suppression increased between the pre-intervention and post-intervention
period among both of these groups of patients, there was no significant difference in difference

in these increases (DID: 1.01; 95% Cl: 0.84, 1.20).

There was no statistically significant difference in viral load testing within 3 months (RR:
1.06, 95% Cl: 0.94, 1.25) and viral suppression within 6 months (RR: 0.85, 95% CI: 0.71, 1.02)
after an eligible visit between patients who were contacted by the HIV relinkage team and

patients who were not contacted by the HIV relinkage team.

Discussion
In a pragmatic evaluation of a real-time ED-based D2C program, we found that ED

visits/IP admissions provide opportunities to interact with a substantial number of poorly
engaged PLWH. While we found no difference in viral load testing in the 3 months after ED
visits/IP admissions between the pre- and post-intervention periods, patients with ED visits/IP
admissions in the post-intervention period were 50% more likely to achieve viral suppression in
the 6 months after their visit compared to patients in the pre-intervention period. However, we
found a similar increase in viral suppression among patients with ED visits/IP admissions
outside of the alert window, suggesting that the observed pre/post effect could be due to
secular trends. Similarly, we found no difference in HIV care engagement or viral suppression
between patients with confirmed contact with the HIV relinkage team and those with no
contact, which further indicates that the pre/post increases we observed were not directly

attributable to the intervention.

During our study period, the proportion of all PLWH who were virally suppressed
increased from 74% in 2013 to 84% in 2018 (KC HIV surveillance report). Additionally, in the
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post-intervention period, King County implemented a number of interventions designed to
improve care engagement and viral suppression, including the opening of a low-barrier clinic
for difficult to engage patients, and clinic- and community-based peer navigation and case
management programs. While the data exchange may have worked in tandem with these
competing interventions, we cannot attribute the observed pre/post increase to the data
exchange alone. Patients with ED visits/IP admissions within and outside of the alert window
may have benefited from this increase in HIV care engagement services, which may have
diminished the independent impact of the data exchange. Insofar as other areas might not have
competing interventions, the impact of a data exchange on HIV care re-engagement could be

greater.

Nonetheless, data exchange between public health department HIV programs and ED/IP
hospitals has the potential to reach a substantial proportion of the population of out-of-care
PLWH. In King County in 2015, surveillance data indicate that 1223 PLWH were out-of-care or
virally unsuppressed. The PHSKC-UW Medicine real-time data exchange identified 242 unique
patients in the post-intervention period, representing about 20% of the out-of-care or virally
unsuppressed PLWH population in 2015. Expanding our data exchange to include other ED/IP
hospitals could expand the reach of our intervention even further. Nationally, PLWH had about
633 ED visits per 1000 person-years between 2000 and 2010, which was 40% higher than the
rate among non-HIV-infected persons (433 visits per 1000), and groups that are
disproportionately out of care have higher rates of ED utilization.?%?%2° Real-time data

exchange between health departments and EDs could have leverage ED visits as an opportunity
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to improve HIV care engagement and viral suppression and address disparities in the US HIV

care continuum.

This study, to our knowledge, is the first real-world evaluation of the use of real-time
data exchange between ED and health departments to improve HIV relinkage to care. While
this strategy has been described in other settings, our study is the first to assess the impact of
such a data exchange on both HIV care re-engagement and viral suppression and the first to use
a comparison group in its evaluation. In 2009, the Louisiana Office of Public Health
implemented the Louisiana Public Health Information Exchange (LaPHIE).?33° LaPHIE used HIV
surveillance and EMR data from Louisiana State University Health Care Services Division
facilities to send alerts to ED providers in order to improve HIV care engagement for out-of-care
PLWH. While LaPHIE relied on ED providers to re-engage patients back to HIV care, the PHSKC-
UW Medicine real-time D2C program used health department HIV relinkage specialists. Among
patients identified through LaPHIE, 82% had at least one viral load or CD4 test in the 18 months
after an ED visit. In 2016, Ridgeway et al developed a data exchange between the University of
Chicago Medicine (UCM) system and the Chicago Department of Health (CDPH), in which CPDH
HIV care navigators were notified when out-of-care PLWH were seen at a UCM ED/IP setting.3!
This data exchange identified 56 out-of-care patients seen at a UCM ED/IP setting from July
2016 through August 2017, of whom 66% were re-engaged in HIV care before January 31, 2018.
Although the LaPHIE and UCM interventions were able to re-engage high proportions of PLWH
seen in the ED/IP setting, without a comparison group, these findings may reflect the effect of
competing interventions, and not necessarily the independent effect of the data exchange. Our

study found similar proportions of viral load testing after an ED/IP visit to previous studies (in a
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shorter time period), but did not find a significant difference in relinkage when compared to
both retrospective controls and in a difference-in-differences comparison. Further research is
needed to confirm our findings and assess the impact of real-time data exchange between

health departments and ED/IP hospitals in a setting with fewer competing interventions.

Our study had several limitations. First, although we used data on all alert-eligible ED
visits/IP admissions in our evaluation, we had limited data on the reasons why the HIV relinkage
team did not respond to some alerts. The HIV relinkage team did record their responses to
some alerts, which we used to evaluate the impact of having contact with the HIV relinkage
team on HIV care outcomes. However, the HIV relinkage team may have recorded their
response to alerts for patients that had relatively high barriers to care and needed additional
follow-up to re-engage in care and achieve viral suppression. These patients may have been
systematically harder to re-engage in HIV care than patients who had an alert-eligible visit, but
no documented contact with the HIV relinkage team. Comparing these groups would result in a
spuriously low relative risk estimate. Indeed, we found that patients with contact with the HIV
relinkage team were less likely (although not statistically significant) to achieve viral
suppression within 6 months compared to patients who did not have contact with the HIV

relinkage team, which may be a result of the described selection bias.

Second, we used HIV surveillance data to ascertain viral load testing and viral
suppression after an ED visit/IP admission and assumed that absence of viral load testing
indicated that the patient had not re-engaged in HIV care or achieved viral suppression. If
patients had viral load tests that were not captured by PHSKC’s HIV surveillance data, they

would have been misclassified as not having re-engaged in HIV care or not achieving viral
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suppression, which would have biased our effect estimates towards the null. PHSKC’s HIV
laboratory reporting is estimated to be 95% complete, indicating that this may not be a major

source of bias in our study.

Real-time data exchange between health departments and ED/IP hospitals can be used
to identify large numbers of persons who are virally unsuppressed and out of care. This type of
data exchange can be used to prioritize surveillance-based D2C programs, and potentially
improve the efficiency of health department HIV care re-engagement activities. Although our
evaluation findings are mixed, they indicate that the PHSKC-UW Medicine real-time D2C
program may work in tandem with multiple, diverse interventions to improve HIV care
engagement and viral suppression. Additional efforts are needed to improve the effectiveness

of reengagement interventions that are linked to real-time D2C.
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Tables
Table 2.1: Characteristics of PLWH with an ED visit/IP Admission at UW Medicine, 2013-2017

Patient Characteristics

Pre- Post-
Intervention Intervention
N (%) N (%) p-value

Number of patients 276 (100) 242 (100)

Number of visits per patient (Mean (SD)) 3.7 (4.4) 3.1(4.5) 0.11

Age 0.18
19-29 35(13) 32 (13)

30-39 78 (28) 56 (23)
40-49 75 (27) 86 (36)
50 or older 88(32) 68 (28)

Gender 0.07
Cisgender Male 223 (81) 199 (82)
Cisgender Female 52 (19) 37 (15)
Transgender 1(<1) 6 (3)

Race/Ethnicity 0.98
Hispanic/Latinx 34 (12) 31(13)

Black 91 (33) 76 (31)
White 121 (44) 109 (45)
Other 30(11) 26 (11)
History of Injection Drug Use 105 (38) 94 (39) 0.86
Visit Characteristics

Alert-eligible visits 862 (100) 647 (100)

Inpatient Admissions 247 (29) 199 (31) 0.39

HIV Care Status at Visit 0.03
Most recent VL >= 1000 copies/mL and no VL in past year 105 (12) 83 (13)

Most Recent VL >= 1000 copies/mL in past year 646 (75) 447 (69)
Most recent VL 200-1000 copies/mL and no VL in past year 14 (2) 13 (2)
Most Recent VL 200-1000 copies/mL in past year 97 (11) 104 (16)

Facility 0.35
Harborview Medical Center 779 (90) 575 (89)

UW Medical Center 83 (10) 72 (11)
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Table 2.2: Comparison of HIV care outcomes after ED visit/IP admission in post-intervention and pre-intervention periods

Viral load test within 3 months after visit Viral suppression within 6 months after visit
Number Unadjusted RR Adjusted RR Unadjusted RR Adjusted RR
Study Period of visits N (%) (95% Cl) (95% CI)* N (%) (95% Cl) (95% ClI)*
Pre-intervention 862 515 (60) Ref. Ref. 356 (41) Ref. Ref.
Post-intervention 647 461 (71) 1.09 (0.98, 1.22) 1.08 (0.97,1.20) 376(58) 1.48(1.26,1.74) 1.50(1.27,1.76)

!Adjusted for age, gender, race/ethnicity, history of injection drug use (at time of HIV diagnosis), visit type, facility, visit month

Table 2.3: Association between study period, alert eligibility, and HIV care re-engagement outcomes after ED visit/IP admission

Viral load test within 3 months after visit  Viral suppression within 6 months after visit

Number
Study Period Alert Eligibility of visits N (%) aRR (95% CI)* N (%) aRR (95% CI)*
Pre-Intervention  Outside Alert Window 208 125 (60) Ref. 73 (35) Ref.
Within Alert Window 862 515 (60) 1.00 (0.89, 1.11) 356 (41) 1.08 (0.99, 1.19)
Post-Intervention  Outside Alert Window 127 83 (65) Ref. 60 (47) Ref.
Within Alert Window 647 461 (71) 1.00 (0.87, 1.14) 376 (58) 1.09 (0.93, 1.27)
Difference-in-difference (post vs. pre) - - 1.00 (0.84, 1.18) - 1.01 (0.84, 1.20)

'Adjusted for age, gender, race/ethnicity, history of injection drug use (at time of HIV diagnosis), visit type, facility, visit month
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Figures

Figure 2.1: Study participants flow diagram
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Figure 2.2: Difference-in-differences model results
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Chapter 3: Integrating HIV surveillance and jail booking data to facilitate
post-incarceration HIV care re-engagement

Abstract
Objective: To evaluate the impact of using an automated, real-time data exchange between

public health HIV surveillance and county jail data to identify incarcerated persons living with

HIV (PLWH) and facilitate post-incarceration HIV care engagement efforts.

Methods: We developed an automated data exchange (JBLink) that matched Public Health
Seattle King County (PHSKC) HIV surveillance data with jail booking rosters from two King

County jails. A team of public health relinkage specialists and jail release planners used the data
to guide case conferences about patients who were out-of-care or virally suppressed and jointly
developed a plan for re-engagement in care and treatment. We compared viral load testing
within 3 months and viral suppression within 6 months after release from jail among virally
unsuppressed or out-of-care PLWH released in the post-intervention period (04/01/18-
11/01/18) to those released in the pre-intervention period (10/01/16-10/01/17) using Cox

proportional hazards models.

Results: We identified 153 bookings for virally unsuppressed or out-of-care PLWH released
from jail in King County in the pre-intervention period and 80 bookings in the post-intervention
period. Viral load testing within 3 months post-incarceration increased from 43% in the pre-
intervention period to 58% in the post-intervention period, and viral suppression within 6
months post-incarceration increased from 36% to 44%. Incarcerated PLWH released in the post-

intervention period were 1.35 times more likely to have a viral load test within 3 months after
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release (95% Cl: 0.84, 2.18), and 1.37 times more likely to be virally suppressed within 6 months

after release (95% Cl: 0.82, 2.30), but these differences were not statistically significant.

Conclusions: Implementation of JBLink resulted in a trend towards improved post-incarceration
HIV care outcomes for virally unsuppressed/out-of-care PLWH in King County. Real-time data
exchange between health departments and county jails is a promising strategy for identifying
incarcerated PLWH to support care coordination and improving post-incarceration HIV care

engagement.

Introduction
Persons living with HIV (PLWH) in the United States are disproportionately incarcerated.

Rates of incarceration among PLWH are between three and five times the rate in the general US
population, and approximately 1 in 7 PLWH pass through correctional facilities every year.3233
Incarceration can disrupt continuous HIV care engagement and PLWH who have been
incarcerated experience lower rates of retention in care and viral suppression after release

34-36 Furthermore,

from prison or jail compared to the general HIV-positive population.
incarceration disproportionately affects groups that experience disparities in HIV care
outcomes, such as Black and Hispanic/Latino men (particularly men who have sex with men),
and transgender persons, and may compound disparities in HIV outcomes among these groups.
37-43 HIV care engagement services and interventions specifically aimed at improving post-

incarceration HIV care are critical to ensuring that all PLWH have access to services to facilitate

reaching viral suppression and may also reduce disparities in HIV health outcomes.

Existing efforts to improve post-incarceration HIV care engagement have utilized a
variety of approaches, including peer navigation, care coordination, and case management, and
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have had some promising results.***’ These efforts have focused primarily on the prison
setting, where individuals have longer stays, and typically receive HIV care while incarcerated.
The delivery of these interventions in the jail setting may be more challenging because stays are
shorter and volumes are higher. Because of the shorter length of stay, many PLWH incarcerated
in jail may not disclose their HIV status. As a result, these individuals would be missed by efforts
to improve HIV care engagement after release from jail, even though they may still experience
a disruption in their HIV care engagement. One strategy to improve HIV care engagement after
incarceration in the jail setting is to integrate jail booking data with HIV surveillance in order to
identify incarcerated PLWH. Real-time data exchange between jails and HIV surveillance
programs may improve the effectiveness of post-incarceration HIV care re-engagement efforts
in the jail setting by ensuring that all PLWH released from jail are linked to services they need to
stay engaged in HIV care. Many health departments in the United States already use HIV
surveillance data to identify out of care PLWH to provide HIV care engagement assistance, a
program known as “Data to Care (D2C).”%1948-50 However, the efficiency and effectiveness of
D2C programs that rely on HIV surveillance data alone have been limited due to the lack of real-
time data.>1%145152 Real-time data exchange between HIV surveillance programs and county
jails could aid health department D2C efforts by making them more efficient and concentrating

on a marginalized population of PLWH.

In April 2018, Public Health Seattle King County (PHSKC) and the King County
Department of Adult and Juvenile Detention (DAJD) developed an automated daily data
exchange (called “JBLink”) to identify incarcerated PLWH and provide assistance to facilitate

HIV care engagement after release from jail. Every day, HIV surveillance data are matched with
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jail booking rosters from two King County jails (King County Jail [KCJ] and Maleng Regional
Justice Center [RJC]), and health department HIV program staff are sent a SMS notification
when there a newly booked PLWH is identified. Health department staff work with jail release
planners to assess needs and barriers to HIV care, develop a post-release care plan for all
incarcerated PLWH who are virally unsuppressed or poorly engaged in care, and provide
services to ensure engagement in HIV care post-incarceration. The goal of our study is to
describe the implementation of JBLink, and evaluate its impact on post-release HIV care

engagement and viral suppression among incarcerated PLWH in King County.

Methods

Data Exchange
In partnership with King County DAJD, we developed an automated data exchange to

match HIV surveillance data and jail booking rosters from KCJ/RJC. Each day, DAJD uploads a
dataset containing 1) all new bookings in the past day, 2) all individuals currently incarcerated,
and 3) all individuals released in the past 36 hours, to a secure PHSKC server. The jail booking
rosters are matched with HIV surveillance data using a probabilistic record linkage algorithm.?’
Incarcerated PLWH identified by the match are exported to the JBLink database, and a SMS

alert is sent to health department staff notifying them of the number of new matches.

After receiving a text alert, health department staff conduct a record review to confirm
that the identified matches are true matches, determine each match patient’s current HIV care
status, their HIV care history, and their HIV care needs. Each patient is assigned an
intervention/service intensity based on their current and previous HIV care history and

additional case-by-case assessment (Table 3.1). We developed these intervention/service

36



intensity tiers to better tailor re-engagement interventions to the needs of each individual. The
tiers and associated intervention activities were developed and iteratively refined through
discussions with health department staff. Importantly, patients in the “investigation only” tier
were determined to be engaged in HIV care, on ART, virally suppressed and not in need of any
intervention after record review. Health department staff then work with King County Jail
Health Services release planners in the context of weekly case conferences and additional as
needed conversations to develop an individualized post-release care plan and connect
individuals with services to ensure HIV care engagement after release from jail. Health
department staff systematically documented the intervention services provided to each
individual in the JBLink tracking database using both free-text descriptions of the post-release
plan and a pre-defined list of common actions. These actions included appointment scheduling
assistance, discussion with jail case managers or medical case managers in the community, and
recruitment into the MAX clinic (PHSKC's high intensity, low threshold, incentivized care clinic).
In addition, PHSKC’s HIV/STD program began having weekly case conferences with Jail Health
Services and community partners to discuss release plans of known PLWH incarcerated at KCJ
and RJC. When possible, health department staff discussed post-release plans for individuals
identified through JBLink during these case conferences, and coordinated their efforts with

release planners and community partners.

As a continuous quality improvement activity, health department staff, including two
members of the study team (TA and JD), had biweekly meetings to review case patients

identified through JBLink and the actions taken to re-engage them in HIV care. These meetings
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were used to identify and address any barriers to relinkage to care that arise over the course of

the study.

Evaluation Design and Study Population
We used a pre/post design to evaluate the impact of JBLink on post-release HIV care

engagement and viral suppression. We defined HIV care engagement as a viral load test within
3 months after release from jail, and viral suppression as a viral load less than 200 copies/mL in
the 6 months after release from jail. We included all PLWH who were released from KCJ/RIC in
the seven months after JBLink was implemented (04/01/2018 to 10/31/2018). The pre-
intervention period was defined as the year (10/01/2016 to 10/01/2017) before the data
exchange was implemented with a 6-month washout period to ensure that individuals in the
pre-intervention period could not have either of the study outcomes in the post-intervention
period. While health department staff conducted extensive record review to identify case
patients who were confirmed in care and on ART (and subsequently not provided any
intervention), no similar record review was conducted for case patients in the pre-intervention
period. Since a majority of these patients also had a viral load less than 200 in the year before
their booking in HIV surveillance data, we restricted the study population to PLWH whose last
viral load was at least 200 copies/mL or had no viral load tests in the year prior to their booking
date. In addition to our pre-post comparison, we also examined the characteristics,
intervention actions provided, and HIV care outcomes among al/l PLWH identified by JBLink in

the post-intervention period.
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JBLink was developed and implemented as a public health program intended to improve
patient outcomes and the HIV care continuum in King County. This project was determined not

to be research by the University of Washington Institutional Review Board.

Data Sources
To construct the pre-intervention group, we obtained a dataset containing all persons

incarcerated in KCJ and RJC between 10/01/2016 and 10/01/2017. We matched this dataset
with HIV surveillance data to identify all PLWH released from these jails from 10/01/2016 and
10/01/2017 using the same probabilistic matching algorithm that we used in JBLink. We
manually reviewed matches to identify any false matches, which we excluded from the study
population. We included all PLWH identified through JBLink who were released from jail

between 04/01/2018 and 10/31/2018 in the post-intervention group.

We used PHSKC HIV viral load laboratory reporting data to define HIV care re-
engagement and viral suppression. If patients did not have a viral load reported in the follow-up
period after release, they were assumed to not have re-engaged in care and to still be virally
unsuppressed. A combination of HIV surveillance and DAJD data were used to define the
following covariates: age (at the time of booking), gender (from HIV surveillance), race/ethnicity
(from HIV surveillance), history of injection drug use (at the time of HIV infection), number of
prior bookings since the start of each study period, the length of time incarcerated, release type
(transfer of custody or otherwise), HIV care status at booking (last viral load > 200 copies/mL in
the past year, last viral load < 200 and no lab in the past year, last viral load > 200 and no viral

load in the past year), and the release date type (weekday/weekend).
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Statistical analysis
We compared patient characteristics between the pre- and post-intervention periods

using t-tests and chi-square tests. Kaplan-Meier curves and Cox proportional hazards models
were used to estimate the effect of the intervention on viral load testing within 3 months and
viral suppression within 6 months after release from jail. For each individual, we defined entry
into the cohort as the date of release from jail. For viral load testing, individuals contributed
follow-up time until their first viral load test reported in HIV surveillance data and were
censored if they had a subsequent jail booking in KCJ/RJC or at 3 months after release from jail.
For viral suppression, individuals contributed follow-up time until their first viral load test with a
viral load less than 200 copies/mL and were censored if they had a subsequent jail booking in
KCJ/RIC or at 6 months after release from jail. Individuals were allowed to re-enter the cohort if
they had any subsequent incarcerations and were released in the study period. Kaplan-Meier
curves were used to estimate the proportion of patients who had a viral load test within 3
months after release and viral suppression within 6 months after release. A Cox proportional
hazards model was used to test if the hazard of testing/suppression was different between the
pre- and post-intervention periods. Models were adjusted for age, race/ethnicity, gender,
history of injection drug use, age, number of previous bookings, time incarcerated, release type
(transfer of custody or otherwise), and release date type (weekday/weekend). To account for
multiple bookings in the Cox models, we used the sandwich estimator to calculate cluster

robust standard errors and 95% Cl, clustering on the individual.

Since intervention intensity and process outcomes were not available for PLWH booked

in the pre-intervention period, we descriptively investigated process outcomes in the post-
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intervention period only. Among all PLWH identified by JBLink in the post-intervention period,
we compared the demographic characteristics of PLWH who were virally suppressed at booking
(i.e., last viral load < 200 in the year prior to booking) to those that were virally
unsuppressed/out of care at booking (i.e., last viral load > 200 and/or no viral load in the past
year), as well as the intervention services these groups received. We used Kaplan-Meier curves
(as described above) to estimate the cumulative incidence of viral load testing within 3 months
post-release and viral suppression within 6 months post-release by HIV care status, and

intervention/service intensity.

Results
We identified 608 bookings for 342 PLWH who were released from KCJ and RJC during

the study period (Figure 3.1). Of the 357 bookings in the pre-intervention period, 153 (43%)
bookings for 98 people were among individuals who were virally unsuppressed and/or had no
viral load tests in the year prior to booking; in the post-intervention period, 80 of the 251 (32%)
bookings for 62 PLWH were among individuals who were virally unsuppressed and/or had no

viral load tests in the year prior to booking.

There was no difference in age, race/ethnicity, gender, and history of injection drug use
between PLWH who were virally unsuppressed and/or who had no viral load test in the past
year in the pre-intervention and post-intervention periods (Table 3.2). Overall, 5% of the study
population were Hispanic/Latinx, 36% were non-Hispanic Black, and 41% were non-Hispanic
White. A majority of the study population was cisgender male (85%), among whom 75% were
men who have sex with men (MSM). In total, about 42% of jail bookings were for PLWH with a

history of injection drug use at the time of their HIV diagnosis. At booking, PLWH in the pre-
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intervention period were more likely to have a most recent viral load greater than 200
copies/mL and no viral load test in the year before booking than PLWH in the post-intervention
period (14% vs. 1%). The median length of incarceration was 4 days in the pre-intervention
period (IQR: 0, 14 days) and 3 days in the post-intervention period (IQR: 0, 15 days). The
maximum number of bookings per person was greater in the pre-intervention period (10
bookings) than in the post-intervention period (6 bookings), but the median and IQR was the

same in both periods (median: 1; IQR: 1, 2).

The proportion of PLWH who had a viral load test within 3 months after release from jail
increased from 43% in the pre-intervention period to the 58% in the post-intervention period
(Figure 3.2; Table 3.3). PLWH released from jail in the post-intervention period were 1.35 (95%
Cl: 0.84, 2.18) times more likely to have a viral load test within 3 months after release from jail
compared to PLWH who were released from jail in the pre-intervention period after adjusting
for confounding, but this finding was not statistically significant. Similarly, the proportion of
PLWH who achieved viral suppression in the 6 months after release from jail increased from the
pre-intervention period (36%) to the post-intervention period (44%). After adjusting for
confounders, PLWH released from jail in the post-intervention period were 1.37 (95% Cl: 0.82,
2.30) times more likely to achieve viral suppression than PLWH released from jail in the pre-

intervention period, but this finding was also not statistically significant.

Among all bookings in the post-intervention period only, a greater proportion of virally
unsuppressed/out of care PLWH were categorized as medium or high intervention/service
intensity (48%) compared to virally suppressed PLWH (3%; Table 3.4). As expected, PLWH who

were virally unsuppressed/out of care at booking were more likely to need health department
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intervention than virally suppressed PLWH. For both groups, the most common intervention
services provided was referral to jail (41%) or community (10%) case manager. 20% of virally
unsuppressed/out of care PLWH were referred to the MAX clinic, compared to only one virally

suppressed PLWH.

In the post-intervention period, a similar proportion of PLWH who were virally
unsuppressed/out of care at booking and PLWH who were virally suppressed at booking had a
viral load test within 3 months after release from jail (58% and 56%, respectively; Table 3.5).
The proportion of virally unsuppressed/ PLWH with a viral load test within 3 months after
release was lower in the high (22%) and medium (56%) intensity tiers than in the low (68%),
minimal (62%), and investigation only (100%) tiers. Virally unsuppressed/out of care PLWH had
a lower cumulative incidence of viral suppression in the 6 months after release from jail than
virally suppressed PLWH (44% vs. 69%). Among virally unsuppressed/out of care PLWH, the
proportion of individuals who achieved viral suppression within 6 months after release was
lower in the high (22%) and medium (37%) intensity tiers than in the low (45%), minimal (77%)

and investigation only (49%) tiers.

Discussion
After the implementation of automated data matching between HIV surveillance and jail

booking data that facilitated care coordination between jail release planners and public health
relinkage specialists, we observed a trend toward increased viral load testing in the 3 months
after release from jail (35% increase) and viral suppression in the 6 months after release from
jail (37% increase). Although these differences were not statistically significant, real-time data

exchange between health department HIV surveillance programs and county jail booking
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rosters along with care coordination may be a promising strategy for identifying incarcerated

PLWH and providing resources to improving HIV care engagement after release from jail.

This study demonstrates how public health departments can utilize partnerships with
other governmental agencies to improve the efficiency and reach of public health prevention
programs. To develop JBLink, the PHSKC HIV/STD program first collaborated with the King
County DAIJD to strategize how to achieve the shared goal of improving continuity of care of
incarcerated PLWH after release from jail, which was a major facilitator in developing post-
release care plans for incarcerated PLWH and ensuring that they were linked to all necessary
services post-release. The weekly case conferences between health department staff, jail
release planners, and community partners were an important part of JBLink’s success. These
calls provided an opportunity for multiple groups to coordinate their efforts for improving the
health and wellness of incarcerated PLWH after release from jail. These conference calls have
been expanded to now include an HIV physician and case manager that primarily serve PLWH
incarcerated and/or recently released from Washington state prison. The effectiveness of
JBLink may be improved by refining the intervention and services provided to incarcerated
PLWH after they are identified by the data exchange. Previous studies have considered multiple
strategies for improving post-incarceration engagement (and re-engagement) in HIV care,
including case management, outreach, peer navigation, and care coordination, which have had
some promising results.*3=45°3-55 |ntegrating real-time data exchange with jails with these
approaches could improve their effectiveness. JBLink could increase the reach of these
interventions and provide an efficient mechanism to identify incarcerated PLWH. Similarly,

identifying evidence-based interventions and delivering them based on each individual’s needs
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could result in further improvement of HIV care outcomes of incarcerated PLWH identified
through JBLink. PLWH who have been incarcerated often face complex challenges (e.g.,
substance use, housing stability, stigma, the post-release environment, and skills needed to
engage in HIV care) that may also be barriers to HIV care engagement.34°°7°9 In our study, we
observed a large degree of heterogeneity in HIV care outcomes by intervention/service
intensity in the post-intervention period. Individuals in the high and medium tiers have complex
life circumstances that may not have been completely addressed by our intervention.
Achieving viral suppression for these individuals requires a coordinated multi-agency response
that not only addresses barriers to HIV care, but all of their challenges, such as housing,
substance use, and mental health treatment. Integrating services that address these challenges
into JBLink could further improve its effectiveness as an HIV care engagement intervention.
Further research is needed to explore the integration of JBLink with other re-engagement
interventions and to develop guidelines for the design of individualized post-release care plans

based on barriers to care and service need.

This study has several limitations. First, our study may not have detected a significant
difference between the pre-intervention and post-intervention periods due to our small sample
size. While our observed effect estimates indicate that both viral load testing and viral
suppression increased between the pre- and post-intervention periods, our estimates lacked
precision. Further research in a setting with a larger sample size is needed to more precisely
estimate the effect of our intervention. Second, although health department staff conducted
extensive record review to assign an intervention/service intensity category to incarcerated

PLWH identified by JBLink, we did not conduct such a record review for individuals in the pre-
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intervention group. As our descriptive findings indicate, there was a large degree of
heterogeneity in the proportion of incarcerated PLWH who were re-engaged in HIV care and
who achieved viral suppression by intervention/service intensity. Since intervention/service
intensity was primarily assigned based on HIV care status at the time of booking, we adjusted
our pre/post comparisons for HIV care status (i.e., whether last viral load was at least 200
copies/mL and whether last viral load was in the past year). However, we lacked the sample
size to assess whether HIV care status was an effect modifier of JBLink’s impact on post-

incarceration HIV care outcomes.

Third, we ascertained post-incarceration HIV care re-engagement and viral suppression
using laboratory reporting in HIV surveillance data. We assumed that individuals who did not
have a viral load reported after release from jail were not engaged in HIV care and remained
virally unsuppressed. Individuals who re-engaged in HIV care or resumed ART without having a
viral load test would have been misclassified as not having re-engaged in HIV care. However,
this misclassification is likely non-differential in the pre- and post-intervention periods, and

would have resulted in an underestimate of JBLink’s impact on HIV care outcomes.

Real-time data exchange between health departments and jails is a promising strategy
for identifying PLWH who are poorly engaged in HIV care or at high risk of falling out of HIV
care. The implementation of PHSKC’s JBLink data exchange, coupled with increased
collaboration between PHSKC, jail health services, and community partners, resulted in an
increase in both care engagement and viral suppression, although this difference was not

significant due to small sample size. Further study is needed to expand and improve on the
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JBLink model and better integrate data exchange into evidence-based interventions for

improving post-incarceration HIV care engagement.

Tables

Table 3.1: Intervention/service intensity categories

Intervention/service intensity

Need

Example intervention

High

Not taking ART or virally
unsuppressed; virally suppressed
only when institutionalized; not
completing regular visits; previous
efforts to re-engage unsuccessful

MAX Clinic recruitment

Medium No labs for 12 months; ART Care navigation, referral to support
interruption; not virally services, brief counseling, plan for
suppressed, but attending regular  follow-up (Dombrowski 2018)
care appointments; no previous
attempts to re-engage in care

Low Not yet virally suppressed, but Appointment scheduling assistance
moving toward suppression based
on lab reports or resumption of
ART after discontinuation

Minimal Last VL suppressed but no labs in Appointment scheduling assistance

the past year, no known ART
interruption

Investigation Only

Last VL suppressed, confirmed in
care and on ART

None
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Table 3.2: Characteristics of PLWH released from jail, by study period

Pre-Intervention Post-Intervention

(N =153) (N = 80) p
N (%) N (%)
Age 0.68
20-29 40 (26) 26 (33)
30-39 40 (26) 22 (27)
40-49 45 (30) 19 (24)
50 or older 28 (18) 13 (16)
Race/Ethnicity 0.98
Hispanic/Latinx 7 (5) 4 (5)
Black 54 (35) 30 (38)
White 67 (44) 33 (41)
Other 25 (16) 13 (16)
Gender (%) 0.34
Cisgender Male 130 (85) 69 (86)
Cisgender Female 19 (12) 11 (14)
Transgender 4 (3) 0(0)
History of Injection Drug Use 65 (43) 32 (40) 0.82
HIV Risk Factor 0.96
MSM 58 (38) 32 (40)
IDU 25 (16) 12 (15)
MSM & IDU 40 (26) 20 (25)
Heterosexual 10 (7) 7(9)
Other 20 (13) 9(11)
HIV care status prior to booking 0.001
Most recent VL >= 200 copies/mL more 22 (14) 1(1)
than 1 year ago
Most recent VL >= 200 copies/mL in 88 (58) 59 (74)
the past year
No VL in the past year 43 (28) 20 (25)
Length of Booking (days)* 4 (0, 209) 3(0, 238) 0.57
Number of prior bookings'? 0(0,9) 0 (0, 3) <0.01

!Median (range)
%Since start of pre/post-intervention period
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Table 3.3: Comparison of HIV care outcomes after release from jail in pre-intervention and post-intervention periods

Pre-Intervention Post-Intervention
(N =153) (N =80) Hazard Ratio (95% Cl)
Events cr Events i Unadjusted Adjusted?
VL test within 3 months after release 58 43% 41 58% 1.40(0.92,2.13) 1.35(0.84, 2.18)
VL suppression within 6 months after release 43 36% 30 44% 1.40(0.87,2.23) 1.37(0.82, 2.30)

1Cumulative incidence estimated using Kaplan-Meier survival curves

2Adjusted for age, race/ethnicity, gender, history of injection drug use, age, number of previous bookings, time incarcerated, release
type (transfer of custody or otherwise), HIV care status at booking, release date type (weekday/weekend)
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Table 3.4: Characteristics and process outcomes of all incarcerated PLWH in the post-
intervention period, by HIV care status

VL<200in VL >=200and/or
Overall past year no VL in past
(N =251) (N=171) year (N = 80)
N (%) N (%) N (%) p-value

Age 0.001

20-29 45 (18) 19 (11) 26 (32)

30-39 81 (32) 59 (35) 22 (28)

40-49 69 (27) 50 (29) 19 (24)

50 or older 56 (22) 43 (25) 13 (16)
Race/Ethnicity 0.095

Hispanic/Latinx 22 (9) 18 (11) 4 (5)

Black 85 (34) 55 (32) 30 (38)

White 117 (47) 84 (49) 33 (41)

Other 27 (11) 14 ( 8) 13 (16)
Gender 0.372

Cisgender Male 222 (88) 153 (89) 69 (86)

Cisgender Female 27 (11) 16 (9) 11 (14)

Transgender 2(1) 2 (1) 0(0)
History of Injection Drug Use 101 (40) 69 (40) 32 (40) 1.000
HIV Risk Factor 0.814

MSM 106 (42) 74 (43) 32 (40)

IDU 31(12) 19 (11) 12 (15)

MSM & IDU 70 (28) 50 (29) 20 (25)

Heterosexual 19 (8) 12 (7) 7(9)

Other 25 (10) 16 (9) 9(11)
Length of Booking (days) 3.0[1.0,14.5] 3.0[1.0,13.5] 3.0[1.0, 15.2] 0.837
Intervention Intensity <0.001

Investigation Only 105 (42) 94 (55) 11 (14)

Minimal 71 (28) 55 (32) 16 (20)

Low 31(12) 16 (9) 15 (19)

Medium 27 (11) 4(2) 23 (29)

High 17 (7) 2(1) 15 (19)
Final Disposition <0.001

Needs intervention 45 (18) 13 (8) 32 (40)
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Confirmed in care and on ART
Transfer of custody
Missed
No action taken

Actions Taken
Jail Case Manager Referral
Community Case Manager Referral
MAX Clinic Referral
Appointment Scheduling Assistance
Other Action Taken

151 (60)
7(3)
23 (9)

25 (10)

103 (41)
25 (10)
17 (7)
4(2)
17 (7)

126 (74)
2 (1)
8 (5)

22 (13)

48 (28)
14 (8)
1(1)
3(2)
7 (4)

25 (31)
5(6)
15 (19)
3 (4)

55 (69)
11 (14)
16 (20)
1(1)
10 (12)

<0.001
0.252

<0.001
1.000
0.028
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Table 3.5: HIV Care Outcomes in post-intervention period by HIV care status before booking and intervention intensity

VL test within 3 VL suppression within 6
months post-release months post-release
Intervention Number of
HIV Care Status before booking  Intensity bookings (%) N cr N c
VL>=200and/ornoVLinpast  gyerall 80 (100) 41 58% 30 44%
vear High 15 (19) 3 22% 3 22%
Medium 23 (28) 12 56% 8 37%
Low 15 (19) 9 68% 6 45%
Minimal 16 (20) 9 62% 9 77%
Investigation only 11 (14) 8 100% 4 49%
VL <200 in past year Overall 171 (100) 81 56% 95 69%
High 2 (1) 1 50% 1 50%
Medium 4(2) 3 100% 2 67%
Low 16 (10) 6 45% 9 68%
Minimal 55 (32) 22 50% 30 74%
Investigation only 94 (55) 49 60% 53 67%

ICumulative incidence estimated using Kaplan-Meier survival curves
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Figures
Figure 3.1: Study participants flow diagram

Total Bookings
608 bookings
(342 people)

Pre-intervention period:

357 bookings
(223 people)

Viral load < 200 in past year:
204 bookings
(140 people)

Viral load > 200 and/or no
labs in past year:
153 bookings
(98 people)

Post-intervention period:

251 bookings
(176 people)

Viral load < 200 in past year:
171 bookings
(122 people)
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Figure 3.2: Kaplan-Meier survival curves for time to viral load test and viral suppression after release from jail, by study period
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Chapter 4: Record linkage for public health action: A comparison of
matching algorithms

Abstract:
Background: Many public health departments use record linkage between surveillance data

and external data sources to inform public health interventions. Our goal is to compare the

performance of record linkage algorithms commonly used in public health practice.

Methods: We compared five deterministic and two probabilistic record linkage algorithms using
simulations and a real-world scenario. We simulated pairs of datasets while varying their error
rates and overlap. We matched the datasets using each algorithm and calculated their recall
(sensitivity) and precision (positive predictive value). In a real-world scenario, HIV and STD
surveillance data from King County, Washington were matched to identify people living with
HIV who had a syphilis diagnosis in 2017. We used manual review to define a gold standard and

calculate recall and precision.

Results: Probabilistic algorithms maintained a high recall at nearly all data quality levels, while
being comparable to deterministic algorithms in terms of precision. Deterministic algorithms
typically failed to identify matches in scenarios with low data quality. In the real-world scenario,

probabilistic algorithms had the lowest trade-off between recall and precision.

Conclusions: Probabilistic record linkage algorithms maximize the number of true matches
identified, reducing gaps in the coverage of interventions and maximizing the reach of public

health action.
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Introduction
A central goal of public health surveillance is to provide continuous and systematically collected

health-related data to inform public health practice and guide interventions to improve
individual and population health. For example, health departments in the United States use
HIV surveillance data >>%9-%3 to identify persons living with HIV (PLWH) who are not engaged in
HIV care in order to provide assistance and services to facilitate care engagement — a strategy
known as Data to Care.1%1164-68 |n this way, surveillance data are used to improve both HIV care
and prevention as well as to reduce inequities in access and utilization of HIV care resources to

improve the well-being of vulnerable populations with HIV.

When used in isolation from other sources of information, public health surveillance can
be inefficient and ineffective. In the case of Data to Care, many people living with HIV who
appear to be out of care in HIV surveillance data because they have not had a recent HIV viral
load or CD4 test have actually moved out of the jurisdiction and engaged in HIV care
elsewhere.'?"14 Thus, Data to Care strategies that rely entirely on HIV surveillance data involve
time-consuming individual case investigations to determine whether persons are truly out of
care even though that information is often readily available in other data sources, such as Ryan
White-funded care programs, STD surveillance, electronic health records, or HIV surveillance
systems in other jurisdictions. The Centers for Disease Control (CDC) is supporting efforts to
match surveillance data between jurisdictions through programs like the “black box” system, in
which HIV surveillance data from multiple jurisdictions are matched to identify people living

with HIV who have moved from one jurisdiction to another.*? In addition, several health
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departments are seeking to improve real-time record linkage between HIV and STD surveillance

in order to provide HIV care relinkage services as part of STD partner services.®%7°

Despite the widespread use of record linkage techniques throughout public health, little
information is available to guide this process from the perspective of algorithm accuracy and
the implications of missing true matches and identifying false matches. There are two primary
approaches to record linkage: deterministic algorithms and probabilistic algorithms.821,22
Deterministic algorithms use exact matching on specific variables or a set of matching rules to
identify matched record pairs.'® In contrast, probabilistic algorithms use statistical methods to
identify the optimal set of matches, which often involves estimating and thresholding the
probability that two records are a match.'®7172 Probabilistic algorithms typically have higher
recall than deterministic algorithms, especially when linking databases that have high rates of
data quality errors.’%2° However, probabilistic algorithms also tend to be more computationally

complex than deterministic algorithms, and may require more computing resources to

implement in practice.!®?2

U.S. Health department HIV/STD programs typically use deterministic record linkage
algorithms to improve the quality of HIV surveillance data and its use in Data to Care.”%”3
HIV/STD programs tend to favor deterministic algorithms because they are not computationally
complex, and can be executed in a short amount of time.'®?122 Because they are rule-based,
deterministic algorithms are intuitive to understand and easy to implement and modify.
Additionally (and perhaps more importantly), deterministic algorithms typically have low rates

of false positive matches. Since a major concern of working with HIV data is inadvertent

disclosure of HIV status, minimizing false matches is crucial to preserving individual privacy.
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However, although deterministic algorithms may be highly specific, they may be overly
conservative in identifying matches, leading to large numbers of missed matches. Missed
matches represent missed opportunities to deliver public health interventions to individuals
who need them, and depending on their distribution in the population, could magnify health
inequities. Probabilistic algorithms could potentially offer increased sensitivity compared to

deterministic algorithms, while only identifying a small number of false matches.

The performance of deterministic compared to probabilistic algorithms in the context of
public health record linkage is unknown. The goal of this study was to compare the validity and
computation time of record linkage algorithms often used in HIV/STD programs in order to

better define the trade-offs between these algorithms in a variety of record linkage scenarios.

Methods
We compared deterministic and probabilistic record linkage algorithms using two

approaches. First, we compared the recall, precision, and computation time of different
algorithms using paired simulated datasets, varying the quality of the data and overlap between
datasets (i.e. the proportion of true matches in each pair of datasets). Second, we conducted a
“real-world” matching scenario involving public health surveillance data from Public Health
Seattle & King County (PHSKC) to assess whether our simulation findings were generalizable to
record linkage involving real datasets, where the exact error rate and overlap is difficult to

assess.

Matching scenario
As the premise for our simulation study, we considered the scenario of linking records

between HIV and STD surveillance data in order to identify syphilis cases reported in the past
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year among persons living with HIV. Such record linkage is conducted by many health
departments in the United States as a way to integrate HIV care engagement activities into
syphilis partner services. We assumed that both HIV and STD surveillance data contain the
following shared fields that can be used for record linkage: first name, last name, date of birth

(year, month, and day), gender, and race.

Matching algorithms
We compared seven algorithms used to conduct record linkage involving public health

surveillance data: exact matching, four deterministic, and two probabilistic algorithms (Table
4.1). The exact matching algorithm identifies matched pairs of records between two datasets
using an exact match on first name, last name, and year of birth. This was chosen as a “base
case” algorithm, since it uses the simplest rule set to match two datasets. The four
deterministic algorithms (“Stenger,” “Ocampo 1,” “Ocampo 2,” and “Bosh”) define rule sets for
identifying a match using a combination of first name, last name, date of birth, gender, and race
(Table 1).597374 These were chosen because they have been recently cited in the literature as
matching algorithms used to conduct record linkage involving HIV surveillance data. Notably,

the Ocampo algorithms have been used by the CDC to match interstate HIV surveillance data.”

The two probabilistic algorithms are “fastLink” and “beta record linkage.” Fastlink is an
implementation of the traditional Fellegi-Sunter approach to record linkage.?”””* This approach
uses comparisons of the shared fields between two datasets (in this case, first name, last name,
year of birth, month of birth, day of birth, gender, and race) to compute the conditional
probability that each record pair is a match. Record pairs are classified as “matches” or “non-

matches” based on thresholding these conditional probabilities. Beta record linkage (BRL) is
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similar to the Fellegi-Sunter approach, but uses a Bayesian implementation to explore the space
of plausible matching configurations between the datafiles.”? By using a Bayesian approach, BRL
allows for quantifying uncertainty on the matching decisions and finds the optimal set of

matches by minimizing the expected misclassification errors based on a loss function.

Simulation study
Simulations were used to compare the accuracy of the selected record linkage

algorithms in scenarios varying dataset size, overlap, and measurement error. GeCo, a Python-
based program that creates realistic datasets of personal information, was used to generate
pairs of datasets based on STD surveillance data from PHSKC'’s partner services data system,
known as Public Health Information Management System (PHIMS).”” In each simulation, we
generated two datasets containing records of 2000 individuals each. A number of individuals
were included in both datasets, which we refer to as the overlap between the datasets. We
considered scenarios where 5%, 10%, 25%, and 50% of individuals overlapped. To generate
each pair of datasets, we used the distribution of values for each field from PHIMS. Using
PHIMS, we created frequency tables for first and last names, year of birth, gender (male,
female, transgender male, transgender female), and race/ethnicity (Asian, Black,
Hispanic/Latinx, Native American/Alaska Native, Native Hawaiian/Other Pacific Islander, White,
other, multiple race). We created a joint frequency table for month and day of birth, giving an
equal sampling weight for each day of the year. For each individual, a value was sampled from
each frequency table to generate a number of clean records, which were then “corrupted” to
create the datasets. For each pair of datasets, the first dataset consisted of “clean” records, and

the second dataset consisted of “corrupted” records. Each corrupted record has a fixed number
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of erroneous fields that are selected at random. For each dataset size and overlap scenario, we
generated datasets containing 1, 2, 3, 4, and 5 erroneous fields per record. The types of errors
introduced into each field are selected at random from a set of possibilities that vary from field
to field (Table 4.2). The types of errors are edits (insertions, deletions, substitutions and
transpositions of characters in a string), keyboard (typing errors based on a QWERTY keyboard
layout), phonetic (using a list of predefined phonetic rules), value swap (an entire value is
swapped with another value selected from a pre-defined list of possible values), and missing
values. The probability of missing values was determined by the frequency of missing values for
each field in PHSKC’s STD surveillance data. The probabilities of the remaining error types were

defined based on the default probabilities provided by GeCo.

We matched each pair of datasets using each record linkage algorithm and measured
their recall (i.e., sensitivity; the proportion of true matches identified by the algorithm), and
precision (i.e., positive predictive value; the proportion of algorithm matches that were true
matches). Each matching scenario was simulated 100 times, and we calculated the mean and
standard deviation of recall and precision for each algorithm across these replicates. In
addition, we measured the computational performance of each algorithm in terms of their
average runtime. We ran each matching algorithm 20 times while fixing the overlap between
the two datasets (50% of the individuals in second dataset overlap with the first dataset) and
the number of erroneous fields (1 erroneous field per record) and varying the size of the second
dataset (10%, 25%, 50%, 100% of the first dataset). We then calculated the mean and standard

deviation of computation time for each algorithm.
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Real-world matching scenario
In our “real-world” matching scenario, we linked PHSKC HIV (eHARS) and STD (PHIMS)

surveillance data to identify PLWH who had a syphilis diagnosis in 2017. Because there is no
shared unique identifier between PHIMS and eHARS, we did not have a gold standard against
which we could compare each matching algorithm’s performance. Thus, we constructed a gold
standard based on a composite of all seven algorithms. If all of the algorithms identified a pair
of records as a match, we considered it a true match. If none of the algorithms identified a pair
of records as a match, it was considered a true non-match. When there was a lack of consensus
between the record pairs, we manually reviewed the records to determine whether they were
a true match or non-match. As in the simulations described above, we calculated the precision
and recall of each algorithm. In addition, we measured the “value and error added” by each
algorithm beyond exact matching, which we considered as the baseline algorithm. We
measured “value added” as the number of additional true matches and “error added” as the

additional false matches identified by each algorithm over and beyond exact matching.

Dataset generation and corruption was done using GeCo and Python 2.7. All other
analyses were done using R version 3.5.2. Python and R programs used to perform simulations,
the real-world match, and measure computational performance are provided as Supplemental

Material.

Results

Simulations
The selected deterministic algorithms had a lower recall than the selected probabilistic

algorithms, regardless of overlap or number of erroneous fields per record (Figure 4.1; Table

4.3). The exact algorithm had a recall of between 56% (5% overlap) and 57% (50% overlap)
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when there was one erroneous field per record, and its recall decreased as the number of
erroneous fields per record increased. The exact matching algorithm’s precision was between
99% and 100% when there were three or fewer erroneous fields per record (Table 4.4). The
Stenger, Ocampo 1, and Ocampo 2 algorithms had similar recall and precision, but had lower
recall than the exact match. When there was only one erroneous field, the Stenger and Ocampo
1 algorithms both had a recall of 30%, while the Ocampo 2 algorithm had a recall of 39%,
regardless of dataset size and overlap. The precision for all three algorithms was 100% when
there was only one erroneous field per record. All three algorithms failed to identify any
matches when there were at least three erroneous fields. The Bosh algorithm had the highest
recall of the five deterministic algorithms. When there was one erroneous field per record, the
Bosh algorithm’s recall ranged between 74% (5% overlap) and 75% (50% overlap). However, its
recall decreased to less than 20% in scenarios with at least 3 erroneous fields per record. The

precision for the Bosh algorithm was high across all scenarios (between 88% and 100%).

FastLink and BRL had better recall than the deterministic algorithms. In the one
erroneous field per record scenario, both fastLink and BRL had about 100% recall, regardless of
dataset overlap. In the three erroneous field scenario, fastLink’s recall ranged between 73% (5%
overlap) and 85% (50% overlap), while BRL’s recall ranged between 94% and 99%. In the five
erroneous field scenario, fastLink’s recall was between 8% and 27%, while BRL’s recall was
between 74% and 92%. The precision of both algorithms was high across all scenarios (fastLink:

97% to 100%; BRL: 85% to 100%).

63



Computational performance
The exact, Ocampo, and Stenger algorithms took an average of about 0.01 seconds to

compute, even when the datasets being compared contained 2000 records (Figure 4.2). The
Bosh algorithm took between 2 seconds and 18 seconds to compute, depending on the dataset
size. The two probabilistic algorithms took a longer time to compute than all of the
deterministic algorithms. FastLink took an average of between 2.3 minutes and 4 minutes to
compute. On average, BRL performed faster than fastLink when the second dataset contained
200 records (1.5 minutes vs. 2.3 minutes), but was the slowest algorithm in every other
scenario. BRL on average took between 3.6 minutes (second dataset N = 500) and 14.1 minutes

(second dataset N = 2000) in the remaining scenarios.

Real-world matching scenario
In the real-world match of PHSKC’s STD and HIV surveillance data, the exact matching

algorithm identified 256 true matches, and one mismatch (Figure 4.3). Compared to this
algorithm, the Stenger and Ocampo 1 algorithms identified two fewer true matches and did not
have any mismatches. The Ocampo 2 algorithm identified three more matches than the exact
matching algorithm, and also had no mismatches. The Bosh algorithm identified 36 additional
true matches, but also identified 20 additional false matches. Both fastLink and BRL identified
53 additional true matches. However, fastLink had 33 additional false matches, while BRL only

had two additional false matches.

Compared to our combined gold standard, all of the deterministic algorithms had lower
recall compared to the probabilistic algorithms (Figure 4.4). The recall of the exact, Stenger,

Ocampo 1, and Ocampo 2 algorithms ranged between 82% and 84%. The recall for the Bosh
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algorithm was about 94%, and the recall of fastLink and BRL was 100%. The precision of the
deterministic algorithms (except for Bosh) was overall higher than the precision of the
probabilistic algorithms. The Stenger, Ocampo 1, and Ocampo 2 algorithms had 100% precision,
while the exact algorithm had 99.6% precision. The precision of the Bosh algorithm was about
93%, and the precision for fastLink was about 90%. BRL had a precision of 99%, which was the

lowest trade-off between recall and precision.

Discussion
Using simulations, we found that the probabilistic algorithms we evaluated had

substantially better recall than our selected deterministic algorithms, while the deterministic
algorithms had higher precision. However, in scenarios with three or more erroneous fields per
record nearly all of the deterministic algorithms (except for Bosh) failed to identify any
matches, which diminishes their utility in record linkage scenarios where data quality is poor. In
contrast, both BRL and fastLink offered high recall in our simulations without sacrificing much in
terms of precision. In addition, in our “real-world” comparison, BRL had the highest recall with

only a minimal sacrifice in precision and was the best performing algorithm overall.

Our findings suggest that while deterministic algorithms offer a high degree of precision,
they are highly sensitive to data quality issues, and may miss a substantial number of matches
even in situations where there is only one erroneous field per record. The recall of deterministic
algorithms can be improved by implementing more matching rules (as in the case of the Bosh
algorithm), but this also results in lower precision. Furthermore, even with additional match
keys, deterministic algorithms still do not reach the level of recall offered by probabilistic

algorithms.
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In the context of public health action, choosing a record linkage algorithm that
prioritizes identification of true matches is critical to preventing gaps in the provision of public
health interventions to those who are most in need of assistance. Choosing overly conservative
record linkage algorithms that prioritize precision over recall could increase gaps among these
groups in public health prevention delivery and may amplify disparities among marginalized
populations. Previous studies have demonstrated that imperfect record linkage algorithms may
disproportionately miss women, older individuals, and persons of minoritized races/ethnicities
and lower socioeconomic status.’®’° The use of probabilistic record linkage methods (such as
BRL and fastLink) or more complex deterministic algorithms (such as the Bosh algorithm) would
result in a large increase in the reach of public health interventions relying on the linkage of

data systems, which offsets small decreases in match precision.

A disadvantage of probabilistic algorithms is their computational complexity. While the
computational time of the deterministic algorithms is generally under 1 second, both
probabilistic methods took minutes to compute. For applications that require near-instant
record linkage (e.g., real-time linkage between public health surveillance and electronic medical
records), probabilistic algorithms may not be practical because of their slow computation time.
However, when record linkage is done on a daily or less-frequent basis, the increased
computation time of fastLink and BRL is less problematic. In addition, because of their increased
computational complexity, BRL and fastLink require more memory and processing power than
the deterministic algorithms. Both BRL and fastLink required over 4 GB of RAM and a 64-bit
version of R, which may be a limitation of using these algorithms in resource-limited settings.

However, 64-bit computing and 4 or more GB of RAM are becoming increasingly common,
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suggesting that these barriers would be less problematic in the future. As of May 2019, the
estimated minimum cost of a new business desktop with these specifications starts at about

$400.

Another advantage of deterministic algorithms is that these are easier to implement in
different programming languages. Matching rules used by the deterministic algorithms we
evaluated are relatively intuitive and translatable to multiple programming languages. Although
fastLink has thorough documentation and support, modifications to the algorithm requires an
understanding of the Fellegi-Sunter record linkage methodology and the R programming
language.?” Modifications to BRL are particularly challenging, as there is currently limited
documentation on the method.”? In addition, much of the BRL algorithm is implemented in the
C programming language, an additional prerequisite to making modifications to the algorithm.
To address these barriers, we have provided R programs for each algorithm in a “Load, Clean,
Func, Do” (LCFD) framework, a portable and flexible organizational structure for developing R

projects, to implement them in practice (Supplemental Material).%°

Our study has several limitations. First, in our simulations, we assumed a uniform error
rate across all records in each matching scenario. Since our probabilistic algorithms use
information from across all records, this may have misrepresented how well they perform when
linking datasets that contain a wide range of erroneous fields per record, including records that
have zero erroneous fields. Indeed, in our real-world match scenario, in which record quality
was more variable, BRL had much higher precision than in our simulations, suggesting that it is
able to leverage information from record pairs that have high data quality to make decisions

about record pairs that have poor data quality.
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Second, the Bosh and Ocampo algorithms both include matching keys that involve social
security number (SSN), which is not available in PHSKC’s STD surveillance database. This may
have resulted in an underestimation of the performance of these algorithms. In the Bosh
algorithm, SSN is used as additional criteria to reduce mismatches for matching keys that are
very broad, and its inclusion may have resulted in improved precision. In the original Bosh
study, 1.7% of true matches were identified using SSN alone, suggesting that if SSN was
available, we would have observed a very slightly improved recall of the Bosh algorithm,
although it probably would not have reached the levels of recall observed with the probabilistic
algorithms.”® In addition, if SSN had been available, it could have also been included in both

probabilistic algorithms, which could have possibly improved their recall and precision as well.

Third, we have only considered deterministic and probabilistic algorithms that can be
implemented in R, and have excluded algorithms that require third party software (e.g., the
Link King and CDC'’s Link Plus) and novel record linkage methodologies (e.g., active, supervised,
and unsupervised learning algorithms). Third party software for record linkage offer a point-
and-click interface for implementing probabilistic (and deterministic) record linkage
methodologies. Both the Link King and Link Plus, two popular applications for conducting
record linkage involving public health surveillance databases, use the Fellegi-Sunter
methodology for conducting probabilistic record linkage, which is the same methodology used
by fastLink. Supervised learning and active learning-based algorithms may yield greater match
quality than probabilistic or deterministic algorithms in cases where databases are to be linked
prospectively or when training data are available (in the case of supervised learning).?* These

algorithms use data on record pairs that are known to be matches or non-matches to develop a
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predictive model that is used to classify record pairs in the databases that are being linked as
matches or non-matches. Since these algorithms require a training dataset of known matches
and non-matches (something neither the probabilistic nor deterministic algorithms we
evaluated required), we chose to exclude them from our analysis. Further research is needed to
assess the performance and utility of these techniques in conducting record linkage for public

health action, as well as the feasibility of implementing them in practice.

Finally, for the probabilistic matching algorithms we evaluated, we only considered their
default parameterizations. We chose to evaluate these algorithms using their default (or “out-
of-the-box”) implementations, as this would represent a baseline level of their performance.
Modifying the parameters for fastLink and BRL, such as the string distance measure used to
match string variables or the number of partial agreement levels, could improve their
performance. Importantly, fastLink and BRL use different default methods to match string
variables (e.g., first name and last name). This may partially explain why BRL had better recall
than fastLink in our simulations and a lower trade-off between recall and precision in our real-

world match.

In conclusion, public health interventions that involve record linkage of multiple data
systems should carefully consider their choice of record linkage algorithm. This choice should
be based not only on reducing false matches, but also on maximizing intervention coverage.
Record linkage methodologies that do not seek to maximize true matches, especially in the
context of imperfect data quality, limit the reach of public health interventions and could

exacerbate existing health disparities. Probabilistic algorithms, such as BRL, can maximize the
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number of true matches identified without sacrificing precision and should be considered as a

first choice when using record linkage for public health action.

70



Tables
Table 4.1: Record linkage algorithms

Algorithm Match criteria Source
Exact Match Exact match on first name, last name AND year of birth -
Stenger Best record pairs with a score of 50+ based on the following criteria: Public Health Seattle

e  +20 points: first 3 letters of last name and 2 letters of first name
e  +15 points: exact match on full name

e +15 points: match on birth year (+/- 2 years)

e +5 points: exact match on year of birth

e +10 points: exact match on month of birth

e +5 points: exact match on day of birth

King County;
Avoundjian et al. 2018

Ocampo 1 Record pairs that met the following criteria:
e  Exact: last name, first name, date of birth, race, AND sex, OR
e Very high: last name, first name, date of birth AND sex, OR
e High: last name, first name, date of birth AND (sex OR race)

Ocampo et al. 2016

Ocampo 2 Record pairs that matched in Ocampo 1 OR met the following criteria: Ocampo et al. 2016
e  Medium high: last name, first name (Soundex), date of birth, sex
NYC algorithm Records that met any of the following matching keys: Bosh et al. 2018

e  Full last name + first 6 letters of first name + full DOB

e  First letter of last name + letters 3-10 of last name + letters 2-9 of first
name + full DOB

e Letters 2-7 of last name + first 6 letters of last name + full DOB

e  First 2 letters of last name + first 3 letters of first name + full SSN + full
DOB

e  Full last name + first 3 letters of first name + full DOB

e Letters 3-5 of last name + first 3 letters of first name + full DOB

e  First 4 letters of last name + first 4 letters of first name + full DOB

o  First letter of last name + letters 3-10 of last name + letters 2-9 of first
name + month and year of DOB

e  First 5 letters of last name + first 4 letters of first name + month and
year of DOB

o  First letter of last name + letters 3-10 of last name + letters 2-9 of first
name + (day OR month of DOB) + year of DOB, switching the first and
last names in 1 data set

e  First 5 letters of last name + first 4 letters of first name + month and
year of DOB, switching the first and last names in 1 data set

fastLink (Fellegi-Sunter)  Calculates match/non-match weights using an expectation maximization
algorithm and computes a match probability for each record pair. Pairs are
classified as a match if their match probability is above 0.85. The following
fields are used to estimate the match probability:
e  First name & last name: partial match using Jaro Winkler string
distance, with three agreement levels!
e  Year of birth, month of birth, day of birth, gender & race: exact match

Enamorado et al. 2017

Beta Record Linkage Uses a Gibbs sampler to sample plausible matching configurations and uses a
loss function to identify the optimal set of matching pairs. The following fields
are used by the algorithm:

e  First name & last name: partial match using Levenshtein string
distance, with four agreement levels?
e  Year of birth, month of birth, day of birth, gender & race: exact match

Sadinle 2017

FastLink’s default agreement levels for partially matched fields: 0-0.87: not a match; 0.88-0.91: partial match; 0.92+: exact match
2Beta record linkage’s default agreement levels for partially matched fields: 0-0.49: not a match; 0.5-0.74: probable non-match; 0.76-

0.998: probable match; 0.99+: exact match
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Table 4.2: Error types and probabilities

Field Error Type! Probability
First name Edits 9.9%
Keyboard 9.9%
Phonetic 69.3%
Value swap 9.9%
Missing 1%
Last name Edits 14.55%
Keyboard 14.55%
Phonetic 67.9%
Missing 3%
Year, month, and day of birth  Edits? 99.93%
Missing 0.07%
Gender, race/ethnicity Value swap? 99.93%
Missing 0.07%

Error types: edits — insertion, deletion, substitution, or transposition of
characters in a string; keyboard — typing errors based on QWERTY keyboard
layout (values close to each other on a QWERTY keyboard more likely to be
swapped than values farther apart); phonetic — character substitutions based
on list of phonetically similar characters; value swap — swaps first name for a
nickname, alternate spelling or alias based on a pre-defined list of values;
missing — value swapped with blank value to represent missing data

2Edit errors restricted to substitution/transposition of numeric characters
only

3Values swapped based on list of valid genders, race/ethnicities defined in
frequency tables
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Table 4.3: Simulations: Record linkage algorithm recall (Mean (SD))*

Record Linkage Algorithm

Erroneous Beta Record

fields? Overlap? Exact Stenger Ocampol Ocampo 2 Bosh FastLink Linkage

1 5% 0.56 (0.05) 0.30(0.05) 0.30(0.05) 0.39(0.05) 0.74(0.04) 0.99 (0.02) 1.00 (0)
10% 0.57(0.03) 0.3(0.03) 0.3(0.03) 0.39(0.03) 0.74(0.03) 1.00 (0.001) 1.00 (0)
25% 0.56 (0.02) 0.3(0.02) 0.3(0.02) 0.39(0.02) 0.74(0.02) 1.00 (0.0002) 1.00 (0)
50% 0.57(0.02) 0.30(0.01) 0.30(0.01) 0.39(0.02) 0.75(0.02) 1.00 (0.0001) 1.00 (0.0001)

3 5% 0.11 (0.03) 0 (0) 0 (0) 0 (0) 0.18 (0.03) 0.73 (0.05) 0.94 (0.02)
10% 0.11 (0.02) 0 (0) 0 (0) 0 (0) 0.18 (0.02) 0.76 (0.04) 0.96 (0.01)
25% 0.11 (0.01) 0 (0) 0 (0) 0 (0) 0.17 (0.02) 0.81(0.02) 0.97 (0.01)
50% 0.11 (0.01) 0 (0) 0 (0) 0 (0) 0.17 (0.01) 0.85 (0.01) 0.99 (0.003)

5 5% 0 (0) 0 (0) 0 (0) 0 (0) 0.01 (0.01) 0.08 (0.04) 0.74 (0.05)
10% 0 (0) 0 (0) 0 (0) 0 (0) 0.005 (0.005)  0.14 (0.04) 0.82 (0.04)
25% 0 (0) 0 (0) 0 (0) 0 (0) 0.004 (0.003)  0.22(0.02) 0.89 (0.01)
50% 0 (0) 0 (0) 0 (0) 0 (0) 0.01 (0.002) 0.27 (0.02) 0.92 (0.01)

!Dataset size fixed to 2000 records for both datasets
2Number of erroneous fields per record
3percent of records in second dataset that had a match in first dataset
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Table 4.4: Simulations: Record linkage algorithm precision (mean (SD))*

Record Linkage Algorithm

Erroneous Beta Record

fields? Overlap® Exact Stenger Ocampo 1 Ocampo 2 Bosh FastLink Linkage

1 5% 0.99 (0.01) 1.00 (0) 1.00 (0) 1.00 (0.003) 1.00 (0.004) 0.99 (0.01) 0.98 (0.02)
10% 1.00 (0.01)  1.00(0)  1.00 (0) 1(0.001) 1(0.0015) 1 (0.004) 0.99 (0.009)
25% 1.00 (0.002) 1.00(0)  1.00 (0) 1(0.001) 1 (0.0035) 1(0.002) 0.98 (0.007)
50% 1.00 (0.001) 1.00(0) 1.00(0)  1.00(0.0003) 0.99 (0.01)  1.00 (0.001) 0.97 (0.01)

3 5% 0.99 (0.04) - - - 1.00 (0.01)  0.98 (0.02) 0.93 (0.03)
10% 0.99 (0.04) - - - 1.00 (0.01) 0.98 (0.02) 0.93 (0.028)
25% 0.99 (0.02) - - - 1.00 (0.01) 0.99 (0.01) 0.95 (0.018)
50% 1.00 (0.004) - - - 0.99 (0.01) 1.00 (0.002) 0.97 (0.01)

5 5% - - - - 0.98 (0.09) 0.97 (0.07) 0.85 (0.04)
10% - - - - 0.99 (0.04) 0.98 (0.03) 0.89 (0.03)
25% - - - - 0.93(0.14)  0.99 (0.01) 0.95 (0.01)
50% - - - - 0.88(0.16)  1.00(0.01) 0.97 (0.01)

!Dataset size fixed to 2000 records for both datasets
2Number of erroneous fields per record

3percent of records in second dataset that had a match in first dataset
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Figures

Figure 4.1: Simulations: Record linkage algorithm recall and precision
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Figure 4.2: Record linkage algorithm computational performance
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Figure 4.3:

Difference (over Exact Match)

Real-world matching scenario: Value and error added over exact matching algorithm
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Figure 4.4: Matching algorithm recall and precision (compared to gold standard)
Matching algorithm recall and precision (compared to gold standard)
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Chapter 5: Conclusion

In this dissertation, we evaluated two interventions that utilize integrated data systems
to improve King County, WA, and examined the importance of the choice of record linkage
methodology in the context of public health action. In a pre/post-intervention evaluation of an
ED- and hospital-based health information exchange, we found that ED visits and inpatient
hospitalizations provide opportunities to interact with a substantial number of poorly engaged
PLWH. Although we observed a 50% increase in viral suppression within 6 months after an ED
visit/IP admission after the data exchange was implemented, we observed a similar increase in
viral suppression among patients with visits outside of the alert window, suggesting the
observed effect could be due to secular trends and competing interventions. In our evaluation
of an automated data exchange between HIV surveillance and jail booking data to facilitate care
coordination between public health relinkage specialists and jail release planners, we observed
a trend toward increased viral load testing in the 3 months after release from jail (35% increase)
and viral suppression in the 6 months after release from jail (37% increase). Finally, in
simulations and a real-world scenario, we found that probabilistic record linkage algorithms like
BRL and fastLink have much higher recall than deterministic record linkage algorithms, while
only having a small trade-off in precision.

Findings from these studies have several implications. Although data exchange between
ED/inpatient hospitals and HIV surveillance data identified a large number of poorly engaged
PLWH, its independent effect on HIV care engagement and viral suppression may have been

overshadowed by competing interventions. During the post-intervention period of our

79



intervention, King County implemented a number of interventions to improve care engagement
and viral suppression, and patients with ED visits/IP admissions within and outside of the alert
window may have benefited from this increase in HIV care engagement services, diminishing
the independent impact of the data exchange. Nonetheless, data exchange between health
department HIV programs and ED/IP hospitals could potentially reach a substantial proportion
of the out-of-care PLWH and have a greater impact in areas that might not have competing
interventions.

Data exchange between HIV surveillance and jail booking rosters is a promising strategy
to facilitate post-incarceration HIV care engagement interventions. Our findings demonstrate
how public health departments can utilize partnerships with other governmental agencies to
improve the efficiency and reach of public health prevention programs. A major facilitator to
the success of our jail-based data exchange was the collaboration between the PHSKC HIV/STD
program and King County jail release planners. The weekly case conferences between health
department staff, jail release planners, and community partners provided opportunities for
multiple groups to coordinate their efforts for improving the health and wellness of
incarcerated PLWH after release from jail. We observed a great deal of heterogeneity in HIV
care outcomes by intervention intensity in the post-intervention period. Individuals in the high
and medium tiers had a lower cumulative incidence of viral suppression than individuals in the
low, minimal, and investigation only tiers. These individuals may have complex life
circumstances that were not completely addressed by our intervention. Achieving viral
suppression for individuals with high barriers to care requires a coordinated multi-agency

response that addresses all of their life challenges, including housing, substance use, and
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mental health treatment. Integrating services that address these challenges into JBLink could
further improve its effectiveness as an HIV care engagement intervention. Future research
should focus on the development of guidelines for the design of individualized post-release care
plans based on barriers to care and service need.

Finally, integrating data systems to improve the effectiveness and efficiency of HIV care
engagement (and public health interventions, more broadly) requires record linkage of data
systems that do not always contain a shared identifier. The choice of record linkage methods
used to link data systems for public health action could have consequences on the reach and
efficiency of these interventions. Record linkage algorithms that have high rates of false
positive matches could result in breaches of individual privacy such as accidental disclosure of
HIV status. On the other hand, record linkage algorithms that miss large numbers of true
matches diminish the reach of interventions and could exacerbate existing health disparities.
Many health department HIV/STD programs rely on deterministic algorithms because they have
low rates of false positives. However, our findings indicate that the use of deterministic
algorithms may be overly conservative, and result in a high degree of missed true matches. In
contrast, in simulations and a real-world matching scenario, we found that probabilistic
algorithms identify substantially higher numbers of true matches, while still having high
precision. Although probabilistic algorithms are more computationally complex than
deterministic algorithms, we found that these algorithms are not prohibitively slow, and could
be practically implemented for routine record linkage activities.

In conclusion, the use of real-time data exchange between HIV surveillance and external

data sources, such as ED/inpatient hospitalization data and jail booking data, is a promising
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strategy for identifying opportunities to provide HIV care re-engagement assistance and
improving HIV care outcomes. To leverage these opportunities, these data exchanges need to
be connected with comprehensive services that address barriers to HIV care and the complex
life challenges that many poorly engaged PLWH experience. Improved collaboration and
coordination between public health departments, medical providers, and other governmental
agencies is needed to improve the effectiveness of real-time ED-, hospital-, and jail-based data
exchanges that facilitate HIV care engagement. Finally, a greater emphasis is needed on
maximizing true matches when using record linkage for public health action to improve the
reach and efficiency of public health interventions, and reduce disparities in intervention

delivery.
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