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Many nonrandomized interventions rely upon a pre-post design to evaluate effectiveness. Such designs cannot
account for events external to the intervention that may produce the outcome. We describe a method to construct a
surveillance registry–based comparison group, which allows for estimating the effectiveness of the intervention while
controlling for secular trends in the outcome of interest. Using data from the population-based, human immunodefi-
ciency virus Surveillance Registry in New York City, we created a contemporaneous comparison group for persons
enrolled in the New York City human immunodeficiency virus Care Coordination Program (CCP) from December
2009 to March 2013. Inclusion in the Registry-based (non-CCP) comparison group required meeting CCP eligibility
criteria. To control for secular trends in the outcome, we randomly assigned persons in the non-CCP, Registry-based
comparison group a pseudoenrollment date such that the distribution of pseudoenrollment dates matched the distri-
bution of enrollment dates among CCP enrollees. We then matched CCP to non-CCP persons on propensity for
enrollment in the CCP, enrollment dates, and baseline viral load. Registry-based comparison group estimates
were attenuated relative to pre-post estimates of program effectiveness. These methods have broad applicability
for observational intervention effectiveness studies and programmatic evaluations for conditions with surveil-
lance registries.

comparative effectiveness research; implementation science; population-based surveillance registry;
programmatic evaluation; propensity score; retrospective observational studies; viral load suppression

Abbreviations: ART, antiretroviral treatment; CCP, Care Coordination Program; CI, confidence interval; HIV, human immunodeficiency
virus; PLWH, persons livingwith HIV; RR, relative risk; VL, viral load; VLS, viral load suppression.

Often large-scale, programmatic interventions are implemen-
ted and scaled without a contemporaneous comparison group
for assessment of effectiveness (1). In such situations, a single-
sample “pre-post design” is frequently used to evaluate effec-
tiveness (1–11). However, such historical comparisons cannot
account for external events (i.e., secular trends) that may influ-
ence the outcome independently of the intervention (11–16).
For example, persons enrolled in the New York City human
immunodeficiency virus (HIV) Care Coordination Program
(CCP) between 2009 and 2013 experienced significant improve-
ment in short-term HIV viral load suppression (VLS), based on
comparison of the year before to the year after enrollment (3, 17).

However, VLS among all NewYorkCity residents inHIVmedi-
cal care (including those enrolled in the CCP) steadily increased
in each year from 2009 to 2013, and improvements coincided
with the implementation of multiple population-based HIV treat-
ment strategies (e.g., the recommendation that all persons living
withHIV (PLWH) initiate antiretroviral treatment (ART) at diag-
nosis regardless of CD4+ lymphocyte count) (18, 19).

For many interventions implemented in real-world, program-
matic settings, an obvious contemporaneous comparison popula-
tion may not exist, especially after the program has been rolled
out and scaled up. However, short of an advance-planned experi-
mental or quasiexperimental design, a design incorporating a
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contemporaneous comparison population, subject to the same
external events but not receiving the intervention, can be used
to isolate effects of the intervention versus secular trends (12).
The increasing availability of large administrative, clinical, and
surveillance registries, and the ability to link these data sets to
one another, are expanding opportunities to use secondary data
to create contemporaneous comparison populations and evalu-
ate interventions in real-world settings (20). The lack of straight-
forward methods to select a contemporaneous comparison
population and control for secular trends nonetheless limits
the usefulness of registries for building and strengthening
the evidence base for public health practice.

Here we describe a methodologic approach that builds upon
the single-sample pre-post design, to corroborate and/or refine
pre-post effect estimates (3, 17). The objective of this study
was: 1) to select from a surveillance registry a contemporane-
ous comparison group for evaluation of programmatic effective-
ness; and 2) to compare estimates of programmatic effectiveness
obtained from a pre-post design with estimates obtained from a
registry-based comparison group. To aid in achieving our objec-
tive, we present a detailed application that assesses the effect of
the CCP onHIVVLS.

METHODS

Intervention description

In December 2009, with RyanWhite Part A funding, the New
York City Department of Health and Mental Hygiene launched
the HIV CCP to support persons at high risk for suboptimal HIV
care outcomes (3, 21). The intervention has previously been
described, and the program materials are available on the New
York City health department website (3, 21).

Briefly, the CCP combines various evidence-based elements
into a package that includes case management, multidisciplinary
case conferencing, patient navigation, structured health promo-
tion, and adherence support. These services can be tailored to
individual needs. Importantly, the CCPwas rolled out as a ser-
vice program, with no randomization or comparison groups.

Data sources

We constructed an observational cohort of persons enrolled
and not enrolled in the CCP by merging provider-reported pro-
grammatic data with data from the longitudinal population-based
NewYork City HIV Surveillance Registry (“the Registry”).
The Registry contains demographic and laboratory information
on all diagnoses of HIV (since 2000) and AIDS (since 1981) re-
ported in NewYork City and comprehensive HIV-related labo-
ratory reporting (including all CD4 and viral load (VL) test
results) starting in 2005. Vital status information is updated
through regular matches with local and national death data.
All Ryan White Part A service providers are contractually obli-
gated to submit person-level and service-level data through the
Electronic System forHIV/AIDSReporting andEvaluation (3).

Using data from the Electronic System for HIV/AIDS Re-
porting and Evaluation, we identified all persons who enrolled
in the CCP from December 1, 2009, to March 31, 2013 (the
enrollment period), and excluded clients who died within 12
months of program enrollment (n = 279) to ensure adequate

observation time. Using Registry data, we identified persons
who were≥18 years old, were diagnosed with HIV as of March
31, 2013, and had at least one CD4 or VL test reported to the
Registry during December 1, 2007, to March 31, 2013. We
required a laboratory test in that period to ensure that clinical
eligibility could be assessed for the period during which CCP
enrollees became eligible for enrollment. The laboratory win-
dow started 2 years earlier than the enrollment period, because
CCP eligibility was based on clinical status in the 2 years prior
to enrollment.

By merging program data with Registry data, we were able
to identify, within the Registry, the persons who were enrolled
and those who were not enrolled in the CCP; the latter were
potentially eligible for inclusion in the Registry-based com-
parison group of non-CCP PLWH (3). To ensure comparability
for CCP and non-CCP persons, all data, aside from CCP enroll-
ment status, were taken from the Registry.

This study was approved by the institutional review boards
at the City University of New York and the New York City
Department of Health and Mental Hygiene. For these secondary
analyses of deidentified data, we received a waiver for informed
consent under Title 45, Code of Federal Regulations Part 46.116
(d) (2).

Constructing the observational comparison groups

Development of the Registry-based comparison group.
In 4 steps, we identified a group of PLWH who were similar
to CCP enrollees. First, we identified persons who were not
enrolled in the CCP but met broad clinical eligibility criteria
for enrollment, and we assigned persons eligibility windows—
months where the persons appeared eligible for enrollment in
the CCP. Second, we assigned eligible non-CCP PLWH pseu-
doenrollment dates falling within their windows of eligibility.
Third, we restricted the data set to PLWH who were residents
of NewYork City. Finally, we matched CCP enrollees to non-
CCP PLWHaccording to: 1) baseline VL status in the year prior
to pseudoenrollment/enrollment, 2) pseudoenrollment/enrollment
dates, and 3) propensity for enrollment in theCCP.

Assignment of CCP eligibility windows. To identify a
subset of persons whowere eligible but not enrolled in the CCP,
we used Registry-based criteria that aligned closely with CCP
eligibility criteria to create CCP eligibility windows: ranges of
time (in month-year format) between December 2009 and
March 2013where the person appeared eligible for enrollment
in the CCP. The CCP permits enrollment of HIV-infected
adults or emancipated minors who are eligible for local Ryan
White Part A services (based on residence in the New York City
grant area and a household income <435% of federal poverty
level) and are: newly diagnosed with HIV, not consistently in
medical care, and/or experiencing ART challenges (3). For a
description of the Registry-based eligibility criteria and enroll-
ment eligibility windows, see Web Table 1 (available at https://
academic.oup.com/aje).

Persons could be assignedmultiple eligibility windows based
on qualifying for the CCP via multiple Registry criteria and/or
qualifying for the same criteria at different points in time. For
example, if Person Xwas newly diagnosed as of February 2010
and was not consistently in HIV medical care from February
2011 to December 2011, then Person X was assigned 2 CCP
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eligibility windows for being newly diagnosed and for being
inconsistently in HIVmedical care (Web Table 1). Overlapping
eligibility windows were combined. For persons who died, eli-
gibility windows ended ≥12 months prior to the date of death,
to ensure adequate time to observe the 12-month outcome; no
exclusions were made in later steps based on death.

Assignment of pseudoenrollment dates to the non-CCP
group. Persons in the Registry who met CCP eligibility cri-
teria but were not enrolled in the CCPwere randomly assigned
a pseudoenrollment date: the time point used to start follow-up
and outcome assessment that fell within their CCP eligibility
window(s). Pseudoenrollment dates were assigned with prob-
abilities so that the distribution of pseudoenrollment dates in
the Registry-based comparison group would match the distri-
bution of enrollment dates among CCP enrollees.

We assigned pseudoenrollment dates based on a probability
equal to the ratio of the number of persons needed to the num-
ber of persons eligible. For example, if 10 persons enrolled in
the CCP inMarch of 2011 and 100 non-CCP persons were eli-
gible in March 2011, then the ratio was estimated as 0.1 (10
needed/100 available). We randomly selected a subset based on
the number needed (i.e., 10 persons needed) and assigned them
that month as the pseudoenrollment date (i.e., March 2011). To
ensure the maximal number of non-CCP persons were assigned
a pseudoenrollment date, we started with the month with the
greatest need (i.e., highest ratio of persons needed to persons
eligible) and proceeded to the month with the second-greatest
need and so on, until we reached the month with the least need.
For each iteration, we removed from the eligible pool the
PLWH who had been assigned a date.

Restriction to New York City residents. After pseudoen-
rollment dates were assigned, we restricted the eligible pool to
CCP and non-CCP persons who had at least 1 CD4 or VL test
reported to the Registry in the 24months after the pseudoenroll-
ment/enrollment date. We required a laboratory test to identify
persons who were most likely to be residing in New York City
after the pseudoenrollment date; this helped to account for out-
migration, whichwe suspected to have occurredmore frequently
among non-CCP persons than CCP participants, given that CCP
enrollment and services require residence in NewYorkCity.

Propensity score model and match. Correctly specified
propensity models balance measured confounders across expo-
sure groups (22).We estimated the propensity score bymodeling
exposure status as a function of the confounders of the relation-
ship between exposure and outcome. To begin, we developed an
a priori list of variables considered to be potential confounders of
the relationship between enrollment in the CCP and the outcome
of VLS (Table 1).

Model development. We hypothesized that outcomes
would differ according to baseline VL status in the year before
pseudoenrollment/enrollment date and wanted to estimate the
effect of the CCP according to baseline status. We created 4
baseline VL status groups, as a proxy for ART and adherence
status, for those whowere: 1) newly diagnosed (in the 12months
prior to pseudoenrollment/enrollment date and not expected to
have a viral suppression pattern given the recency of diagnosis)
or previously diagnosed (i.e., not newly diagnosed) and 2) had
consistent suppression (≥2 VLs ≥90 days apart and all VLs
≤200 copies/μL in the 12 months prior to the pseudoenrollment/

enrollment date), 3) had no evidence of suppression (i.e., all VLs
reported >200 copies/μL or no VL tests reported to the Surveil-
lanceRegistry in the 12months prior to pseudoenrollment/enroll-
ment), or 4) had inconsistent suppression (≥1 VL ≤200 copies/
μL in the 12 months prior to pseudoenrollment/enrollment, but
not all VLs≤200 copies/μL or not≥2VLs≥90 days apart).

We used logistic regression to estimate the propensity for
enrollment in the CCP among 1) persons newly diagnosed, 2)
persons with consistent suppression, and 3) persons with incon-
sistent suppression or with no evidence of suppression (i.e., 3
independent propensity models, including a 2-group pooled
model). We started with a model that used all a priori confoun-
ders and used backward selection to identify the model with the
lowest value of Akaike information criterion. In a sensitivity
analysis, we fitted models using all hypothesized confounders.
The effect estimates did not differ from the approach described
below; however, fewer CCP enrollees were matched.

We created 3 models, as opposed to constructing one pooled
model with interaction terms for the baseline VL status, because
we hypothesized that these 3 groups had different potential con-
founders (Web Table 2). For persons with inconsistent suppres-
sion and persons with no evidence of suppression, we examined
a 2-group pooled model (i.e., number 3 above) and separate
models. We used the 2-group pooled model because we were
able to match more persons than with separate models. In a sen-
sitivity analysis, the effect estimates from the 2-group pooled
model did not differ from the 2 individual models.

Match. Within each of the 4 baseline VL status groups, we
matched on propensity scores and pseudoenrollment/enrollment
dates. To match on enrollment dates, we subset the population
to non-CCP persons who had a pseudoenrollment date within
the 3 months before or after a given CCP month of enrollment,
and we ordered the match iteration to proceed frommonths with
the highest to the lowest ratio of the number of CCP enrollees to
the number of non-CCP persons. We matched on propensity
score using a 1:1 greedy match technique, which proceeded
sequentially from 8 to 1 decimal places of the propensity score
(23, 24). A non-CCP person could be included once in the
Registry-based comparison group.

Model and match diagnostics. The degree to which con-
founding was controlled can be evaluated by examining “bal-
ance,” or the distribution of potential confounders by exposure
status (22). To assess balance, we examined the standardized
difference of all confounder variables between CCP and non-
CCP PLWH (22, 23, 25). Multilevel categorical confounders
were represented using sets of binary indicators (22). We con-
sidered a standardized difference of≥0.1 to indicate an imbalance
in themeasured confounders betweenCCP and non-CCPRegistry-
based groups (22). We evaluated balance of each hypothesized
confounder (shown in Table 1) within each baseline VL status
group and added interaction terms to the model as needed. The
final model and match was chosen based on having no imbal-
ances≥0.1 and the greatest number of persons matched (22).

Development of the single-sample pre-post comparison
group. To ensure comparability of the Registry-based com-
parison group estimates of CCP effectiveness with the pre-post
estimates of effectiveness, we used the propensity-matched
CCP enrollees to sample the pre-post comparison group.
The propensity-matched CCP enrollees served as their own
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controls, comparing the year after with the year prior to enroll-
ment. We restricted the matched group to persons who were
previously diagnosed (i.e., excluding the newly diagnosed,
whomay not have had a measure before enrollment).

Outcome definition and CCP effectiveness estimates

For the pre-post estimate of effectiveness, we compared
12-month postenrollment with pre-enrollment proportions with
VLS among CCP enrollees. For the Registry-based comparison
group estimate, we compared postenrollment VLS for CCP and
non-CCPPLWH.VLSwas based on themost recent VL labora-
tory result reported to the Registry in the 12 months prior to or
following the enrollment/pseudoenrollment date and dichoto-
mized as ≤200 copies/μL. Persons with no VL in the Registry
for the entire 12-month period were classified as not having
VLS, given that a 12-month gap in VL monitoring likely repre-
sented loss to care. While rare, 1.3% (87/6,812) of the CCP

and 5.4% (353/6,812) of the non-CCP PLWH were missing
a follow-up VL result.

We fitted a log-binomial model to estimate the relative risk
of 1) post- versus pre-enrollment and 2) the CCP versus usual
care (non-CCP) on VLS. We estimated relative risks using the
method of generalized estimating equations in order to account
for the repeatedmeasures or thematched pair design, respectively.
Relative risks were estimated with the GENMOD procedure in
SAS, version 9.3 (SAS Institute, Inc., Cary, North Carolina). The
relative effect of the CCP was estimated within baseline VL sta-
tus groups.

RESULTS

As of March 2013, 90,361 persons ≥18 years of age were
diagnosed with HIV and had a laboratory test reported in the
Registry from December 2007 to March 2013 (Figure 1). A
total of 7,337 persons enrolled in the CCP from December 1,

Table 1. Variables and Variable Classification Used in Propensity Models as Potential Confounders of the Relationship Between Enrollment in
the Human Immunodeficiency Virus Care Coordination Program and theOutcome of Viral Suppression, NewYork City, 2018

Variable Classification Detail

Sex Male, female

Race Black, Hispanic, white, other

Age at HIV
diagnosis, years

≤24, 25–44, 45–64,≥65

Country of birth United States or United States dependency, foreign-born,
unknown

Transmission risk Menwho have sex with men, heterosexual, injection drug
use, other/unknown

Year of HIV
diagnosis

Prior to 1995, 1995–1999, 2000–2004, 2005–2009,
2010–2013

For persons whowere newly diagnosed (within 1 year of
the pseudoenrollment or enrollment date), year of
diagnosis was categorized as 2009–2010, 2011, or
2012–2013.

Baseline viral load No viral load,≤200 copies/μL, 201–1,500 copies/μL,
>1,500 copies/μL

Based on the last viral load reported before the
pseudoenrollment or enrollment date.

Baseline CD4+
lymphocyte count

No CD4,<200, 200–349, 350–499,≥500 Based on the last CD4 count reported before the
pseudoenrollment or enrollment date.

Linkage within 91
days of HIV
diagnosis

Yes, no A viral load or CD4 count or CD4% reported from 0–7 days
after diagnosis did not indicate linkage.

Concurrent AIDS
diagnosis within
365 days

Yes, no AIDS diagnosis reported within 365 days of HIV diagnosis.

Number of viral load
laboratory events
at enrollment

0, 1–3,≥4 Number of viral load values reported in the 12months
before pseudoenrollment or enrollment date.

Prevalence and
poverty at
enrollment

High poverty and high prevalence, low poverty and high
prevalence, high poverty and low prevalence, low
poverty and low prevalence, unknown

Poverty was based on the level of poverty in the zip code
at enrollment according to the American Community
Survey and was classified as high versus low.
Prevalence was based on the HIV prevalence in the zip
code at enrollment and was classified as high
(prevalence greater than themedian HIV prevalence for
a given year of enrollment) versus low.

Zip code at
enrollment

New York City zip codes

Interaction terms: Baseline CD4 and viral load, baseline CD4 and race, sex
and risk, and year of diagnosis and risk

Abbreviations: AIDS, acquired immune deficiency syndrome; HIV, human immunodeficiency virus.
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2009, to March 31, 2013. Of these, 7,058 (96%) were alive
at 12-month follow-up, and 6,974 (95%) received HIV care
in New York City after their enrollment and were considered
to reside in New York City. A total of 62,828 persons were
not enrolled in the CCP and met at least 1 of the Registry-
based eligibility criteria within the December 2007 to March
2013 period. Of these, 57,746 (92%) were assigned a pseu-
doenrollment date between December 2009 and March 2013,
and 46,997 (75%) received HIV care in New York City after
their pseudoenrollment date. A total of 6,812 (93% of all CCP
enrollees) were matched to a non-CCP person in New York
City based on propensity score, baseline VL status, and enroll-
ment date, and 5,765 CCP enrollees (85% of matched CCP
enrollees) were previously diagnosed and included in the pre-
post group.

Prior to matching, the group of non-CCP persons included
more men and persons aged ≥45 years than the group of CCP
persons (75% vs. 64% and 56% vs. 50%, respectively) (Table 2).
Pseudoenrollment and enrollment dates differed between CCP
and non-CCP PLWHwithin a baseline VL status group (e.g., the
median date among newly diagnosed was November 2011 for
non-CCP andAugust 2011 for CCP persons).

After matching, non-CCP persons were demographically,
clinically, and epidemiologically similar to the CCP persons

(Table 2). All 4 matched groups exhibited balance (standard-
ized difference <0.1) across all hypothesized confounders. The
post-match pseudoenrollment/enrollment date distribution of
the 10 persons mirrored that of the CCP persons, even within
baseline VL status groups (Web Figure 1).

The proportion of previously diagnosed CCP enrollees with
VLS increased from 34% prior to enrollment to 58% in the 12
months after enrollment (Table 3). In the pre-post analysis, which
used individuals enrolling in CCP as their own controls, the pre-
viously diagnosed CCP enrollees were 1.7 times as likely to have
VLS after enrollment (relative risk (RR)= 1.68 (95% confidence
interval (CI): 1.62, 1.74)). Among CCP enrollees with no evi-
dence of suppression, the proportion with VLS rose from 0%
(by definition) to 43%, and the relative risk is indeterminate
due to the 0%VLS in the denominator. Among the CCP enrollees
with consistent suppression, the proportion with VLS dropped
from 100% (by definition) to 92% (RR = 0.92, 95% CI: 0.90,
0.94). The group with inconsistent suppression showed signifi-
cantly higher VLS after versus before CCP enrollment (62%
versus 46%, respectively; RR = 1.22, 95%CI: 1.16, 1.28).

In the Registry-based comparison group analysis, 12 months
after enrollment/pseudoenrollment CCP enrollees were 1.1
times as likely to haveVLS comparedwith non-CCP enrollees
(58% versus 52%, respectively; RR = 1.10, 95% CI: 1.07,

CCP Clients Alive at 12-Month Follow-up (n = 7,058;
96% of CCP Enrollees)

Eligible Persons From Registry (n = 62,828) 

Assigned Pseudoenrollment (n = 57,746; 92% of
Eligible Persons)

Registry-Based Medical Care Recipients (n = 46,997;
75% of Eligible persons)

Matched Registry-Based Persons (n = 6,812)
11% of eligible persons
15% of Registry-based medical care recipients

Matched CCP Clients (n = 6,812)

93% of CCP enrollees
98% of CCP medical care recipients

CCP Medical Care Recipients (n = 6,974; 95% of CCP  
Enrollees)

Diagnosed, ≥18 Years of Age as of March 2013, and With a Laboratory Event
Reported From December 2007 to March 2013 (n = 90,361)

CCP Enrollees (n = 7,337) 

Previously Diagnosed CCP Clients (n = 5,765)
79% of CCP enrollees
85% of matched clients

Figure 1. Flow chart for inclusion in the study comparingmembers of the population-based, human immunodeficiency virus Surveillance Registry
with participants in the human immunodeficiency virus Care Coordination Program (CCP) or for inclusion in the study comparing pre-post results
for the CCP enrollees, New York City, 2009–2013. Surveillance Registry members who were not enrolled in CCP met CCP eligibility criteria. In
both arms, medical care was defined as at least one CD4+ lymphocyte or viral load laboratory test in the 24-month follow-up period.
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Table 2. Characteristics Before and After Matching of Persons From the Surveillance RegistryWhoMet Clinical Eligibility Criteria for Enrollment
in the Care Coordination Program and Enrollees in the Care Coordination Program, NewYork City, 2009–2013

Characteristic

Before Matching After Matching

Registry-Based CCP Registry-Based CCP

No. % No. % No. % No. %

Total 46,997 100 6,974 100 6,812 100 6,812 100

Male 33,920 75 4,460 64 4,379 64 4,371 64

Black 21,931 47 3,715 53 3,603 53 3,645 54

≥45 years of age 25,013 56 3,476 50 3,334 49 3,400 50

Baseline CD4 count of<200 6,466 14 2,292 33 2,135 31 2,200 32

Median pseudo-/enrollment datea March 2011
(September

2010, February
2012)

March 2011
(September

2010, February
2012)

March 2011
(September

2010, February
2012)

March 2011
(September

2010, February
2012)

Newly diagnosed, totalb 6,590 100 1,092 100 1,044 100 1,044 100

Male 5,256 80 802 73 775 74 778 75

Black 2,484 43 495 45 487 47 481 46

≥45 years of age 1,746 37 262 24 257 25 254 24

Baseline CD4 count of<200 830 13 283 6 238 23 253 24

Median pseudo-/enrollment datea November 2011
(January 2011,
August 2012)

August 2011
(October 2010,
June 2012)

August 2011
(November
2010, June

2012)

August 2011
(October 2010,
June 2012)

Consistent suppression, totalc 4,917 100 1,022 100 967 100 967 100

Male 3,714 76 613 60 587 61 587 61

Black 1,982 40 465 46 438 45 445 46

45+ 3,113 63 714 70 662 68 664 69

Baseline CD4 count of<200 221 5 76 7 83 9 68 7

Median pseudo-/enrollment datea May 11 (November
10, March 12)

February 11
(September
10, March 12)

February 11
(September
10, December

11)

February 11
(September
10, December

11)

No evidence of viral suppression, totald 18,742 100 2,889 100 2,833 100 2,833 100

Male 13,089 70 1,828 63 1,745 62 1,791 63

Black 9,551 51 1,684 58 1,643 58 1,652 58

≥45 years of age 9,653 52 1,342 46 1,306 46 1,324 47

Baseline CD4 count of<200 3,121 17 1,354 47 1,249 44 1,303 46

Median pseudo-/enrollment datea January 2011
(August 2010,
September

2011)

March 2011
(September

2010, January
2012)

February 2011
(September

2010, January
2012)

March 2011
(September

2010, January
2012)

Inconsistent suppression, totale 16,748 100 1,971 100 1,968 100 1,968 100

Male 11,861 71 1,217 62 1,272 65 1,215 62

Black 7,558 45 1,068 54 1,035 53 1,067 54

≥45 years of age 10,501 63 1,158 59 1,109 56 1,158 59

Baseline CD4 count of<200 2,294 14 579 29 565 29 576 29

Median pseudo-/enrollment datea March 11
(September 10,
February 12)

February 11
(September
10, January

12)

February 11
(September
10, January

12)

February 11
(September
10, January

12)

Abbreviations: CCP, Care Coordination Program; IQR, interquartile range.
a Values are expressed asmedian (IQR).
b Newly diagnosed within 12months of pseudoenrollment or enrollment.
c Consistent suppression: at least 2 viral load values at least 90 days apart and all viral loads <200 copies/μL in the 12 months prior to pseudoenroll-

ment or enrollment.
d No evidence of viral suppression: All viral load values >200 copies/μL in the 12 months prior to pseudoenrollment or enrollment. This included per-

sonsmissing viral load laboratory results. Persons with 1 viral load value of>200 copies/μL would be in this group.
e Inconsistent suppression: previously diagnosed and not in the “consistent suppression” or “no evidence of viral suppression” groups. Persons with

1 viral load value of≤200 copies/μL would be in this group.
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1.13) (Table 4). The proportion of persons with VLS differed
by baseline VL status. Two baseline VL status groups showed
significantly higher VLS among CCP versus non-CCP per-
sons in the follow-up year: newly diagnosed PLWH (73% vs
63%, respectively; RR = 1.15, 95% CI: 1.09, 1.23) and PLWH
who were previously diagnosed and had no evidence of suppres-
sion in the year prior to enrollment/pseudoenrollment (43% ver-
sus 32%, respectively; RR = 1.32, 95% CI: 1.23, 1.42). No
differences in VLS between CCP and non-CCP persons were
observed among those with consistent VLS (92% versus 91%,
respectively; RR = 1.01, 95%CI: 0.98, 1.04) or with inconsis-
tent VLS (62% versus 62%, respectively; RR = 0.99, 95%CI:
0.95, 1.05) in the year prior to enrollment/pseudoenrollment.

DISCUSSION

We developed and applied a rigorous method to identify and
select from a surveillance registry a contemporaneous compari-
son population to estimate the effectiveness of a large-scale pro-
grammatic initiative, while controlling for both measured
confounders and secular trends in the outcome of interest. We
combined programmatic data on those receiving an HIV care
coordination intervention with data from New York City’s
longitudinal, population-based HIV Surveillance Registry.
The program effect derived from the Registry-based compari-
son group analysis was weaker or nonsignificant when com-
pared with the program effect from the pre-post analysis that
used individuals as their own controls. Our method for devel-
oping a contemporaneous comparison population should be
applicable to many nonrandomized evaluations, as an alterna-
tive or follow-up to a pre-post design (12, 26).

Health outcomes may change over time due to influences
(e.g., policy initiatives or scientific advances) outside of a
particular intervention exposure (11, 12). Tominimize the likeli-
hood that secular trends in the outcome of interest were differen-
tially affecting persons in the intervention and control arms, we
applied random assignment of pseudoenrollment dates and fur-
ther matching on pseudoenrollment dates. The pre-post analysis
among those with inconsistent suppression showed a 22%
increase in VLS; however, given the null findings from the
non-CCP Registry-based comparison group, this pre-post
effect may have been driven by secular improvements in
VLS, as opposed to a program effect.

Propensity score matching has been proposed as a technique
to reduce bias due to observed confounders and their unmeasured
correlates when estimating the effect of exposure on outcome
(22, 25). If implemented correctly, the propensity-matched group
will be balanced on observed confounders; however, subgroups
may not be balanced. To examine subgroups we recommend re-
searchers create propensity models and match within groups of
interest, as we did for baselineVL status.

For efficient causal inference, the intervention and control
groups need to be as similar as possible (23). A randomized
experiment uses random treatment assignment to ensure the
intervention and control groups are balanced. Propensity score
matching attempts to replicate this balance for observed covar-
iates. An advantage of propensity score matching over regres-
sion adjustment for causal inference is that matching forces
careful consideration of the balance between intervention and
control groups (22, 23). This is evidenced by the changes in
the demographic, clinical, and epidemiologic characteristics
of ourRegistry-based population following thematch.Regression

Table 3. Pre-Post Relative Risks for Having Viral Load Suppression Among Care Coordination ProgramEnrolleesWith Human
Immunodeficiency Virus, NewYork City, 2009–2013

CCPBaseline Groups Denominator
CCP Enrollees

%VLS Prea %VLS Posta RRb 95%CIb

Overall 6,812 NA 59.9 NA NA

Previously diagnosedc 5,768 34.2 57.5 1.68 1.62, 1.74

Baseline viral load status

Newly diagnosedd 1,044 NA 73.3 NA NA

Consistent suppressione 967 100 91.7 0.92 0.90, 0.94

No evidence of viral suppressionf 2,833 0 42.5 Indeterminate Indeterminate

Inconsistent suppressiong 1,968 45.5 62.2 1.22 1.16, 1.28

Abbreviations: CCP, Care Coordination Program; CI, confidence interval; NA, not applicable; RR, relative risk; VLS, viral load suppression.
a Proportion with the last viral load result (≤200 copies/μL) in the 12months prior to enrollment. Personsmissing a viral load value are considered

not to have suppression (values of>200 copies/μL).
b Cannot compute the RR for personswith 0% viral load suppression. RRswere considered statistically significant when the 95%CIs for the rela-

tive risk excluded the null value of 1.
c Excludes the newly diagnosed baseline viral load status group.
d Newly diagnosedwithin 12months of pseudoenrollment or enrollment.
e Consistent suppression: at least 2 viral load results at least 90 days apart and all viral load values <200 copies/μL in the 12 months prior to

pseudoenrollment or enrollment.
f No evidence of viral suppression: All viral load values >200 copies/μL in the 12 months prior to pseudoenrollment or enrollment. This included

personsmissing viral load results. Persons with 1 viral load value of>200 copies/μL would be in this group.
g Inconsistent suppression: previously diagnosed and not in the “consistent suppression” or “no evidence of viral suppression” groups. Persons

with 1 viral load value of≤200 copies/μL would be in this group.
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models have been shown to perform poorly in situations where
there is insufficient overlap of covariate distribution between the
intervention and control groups; moreover, regression model di-
agnostics do not involve checking this overlap, and modest over-
looked nonlinearity in regression models can increase rather than
decrease bias (23, 27). Thus, the match method allows for a more
carefully designed nonexperimental study (23, 25).

Our Registry-based comparison group approach had some
limitations. First, not all program enrollment eligibility criteria
could be translated to Registry-eligibility criteria. For example,
persons with comorbidities (e.g., depression) were eligible for
enrollment in the CCP, but information on comorbidities is
unavailable in the Registry. However, a high proportion (92%)
of CCP persons met Registry-based eligibility criteria, which
suggests wemay have capturedmost of the non-CCP persons eli-
gible for the CCP. Second, the proposedmatching approachmay
not work well when there is not a high ratio of comparison per-
sons to intervention persons. In our example, nearly all persons
in the intervention (98%) were successfully matched, enhancing
generalizability of findings. Third, we excluded persons who had
died in the first 12 months after pseudoenrollment/enrollment,
and exclusion of cohort members with advanced disease and/or
rapid disease progressionmay bias estimates (28). The CCP aims
to enroll persons most at risk for poor HIV outcomes. However,
persons with advanced HIV disease may be enrolled in the CCP
as a last attempt to stop rapid disease progression, which does not
happen with non-CCP PLWH because pseudoenrollment date
assignment is random. To increase the comparability of the CCP
and non-CCP groups, we required that individuals have ≥12

months of observation beyond their pseudoenrollment/enrollment.
Finally, our approach has the standard limitations of observa-
tional research. Notably, confounding may not be fully con-
trolled if measures are inaccurate or omitted from the propensity
score. Of note, the pre-post approach has the advantage of con-
trolling for many measured and unmeasured confounders, for
which our registry-based comparison group approach may not
have been able to account. However, the potential for bias may
exist in the pre-post approach, given that we stratified on base-
line VL status, which is temporally aligned with the 12 month
period before enrollment.We’ve presented an overall (nonstrati-
fied) pre-post estimate that would not be subject to bias, and this
bias would not affect the Registry-based comparison group esti-
mates (stratified or nonstratified).

Administrative and clinical databases and surveillance registries
are valuable sources for the identification of a contemporaneous
comparison population. The conditions for identifying a contem-
poraneous comparison population were favorable because: 1)
enrollment in the program was based largely on clinical crite-
ria that could be emulated in the Registry; and 2) highly com-
plete information on the outcome of interest was available
from a single source for the intervention and control groups.

Others interested in adopting these techniques to identify an
intervention-eligible yet nonexposed population, when a com-
parison population is not immediately obvious, need access to
a secondary linkable database (i.e., with identifiers), in which
they could assess program eligibility criteria and capture out-
come information, and must possess the capability to link da-
tabases. Public health surveillance registries for conditions

Table 4. Relative Risks for Having Viral Load Suppression, Among PersonsWith Human Immunodeficiency Virus
WhoWere Enrollees in the Care Coordination ProgramVersus Program-Eligible Persons Drawn From the
Surveillance Registry, at 12Months After Measurement, New York City, 2009–2013

Baseline Groups Denominator (for CCP
or Registry-Based)

CCP Registry-Based
CCP Versus

Registry-Based

%VLS Posta % VLS Posta RRb 95%CIb

Overall 6,812 59.9 53.9 1.11 1.08, 1.14

Previously diagnosedc 5,768 57.5 52.2 1.10 1.07, 1.13

Baseline viral load status

Newly diagnosedd 1,044 73.3 63.3 1.15 1.09, 1.23

Consistent suppressione 967 91.7 90.6 1.01 0.98, 1.04

No evidence of viral suppressionf 2,833 42.5 32.1 1.32 1.23, 1.42

Inconsistent suppressiong 1,968 62.2 62.3 0.99 0.95, 1.05

Abbreviations: CCP,CareCoordinationProgram;CI, confidence interval; RR, relative risk; VLS, viral load suppression.
a Proportion with the last viral load result (≤200 copies/μL) in the 12 months prior to enrollment. Persons missing a

viral load value are considered not to have suppression (values of>200 copies/μL).
b RRswere considered statistically significant when the 95%CIs for the relative risk excluded the null value of 1.
c Excludes the newly diagnosed baseline viral load status group.
d Newly diagnosedwithin 12months of pseudoenrollment or enrollment.
e Consistent suppression: at least 2 viral load results at least 90 days apart and all viral load values <200 copies/μL

in the 12months prior to pseudoenrollment or enrollment.
f No evidence of viral suppression: All viral load values >200 copies/μL in the 12 months prior to pseudoenrollment

or enrollment. This included persons missing viral load results. Persons with 1 viral load value of >200 copies/μL
would be in this group.

g Inconsistent suppression: previously diagnosed and not in the “consistent suppression” or “no evidence of viral
suppression” groups. Persons with 1 viral load value of≤200 copies/μL would be in this group.
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such as tuberculosis, hepatitis C virus, diabetes, cancer, sexu-
ally transmitted infections, and immunizations may be utilized
for this purpose. Researchers at public health departments and
hospitals may be especially well-positioned to incorporate a
contemporaneous comparison population into nonrandomized
evaluation designs, given that these organizations often merge
registries, manage programmatic activities, and maintain dis-
ease or clinical registries (29).

In summary, we developed and applied a technique for rigor-
ous assessment of intervention effectiveness that controls for
both measured confounders and secular trends in the outcome
of interest. Moreover, analyses using a contemporaneous com-
parison group are useful for triangulation with findings from
pre-post analyses. Our approach to develop a registry-based
comparison group complements the pre-post design often
used to assess the effect of nonrandomized interventions or
exposures.
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