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Abstract

Objectives: Little is known about influences of sample selection on estimation in propensity score matching. The purpose of
the study was to assess potential selection bias using one-to-one greedy matching versus optimal full matching as part of
an evaluation of supportive housing in New York City (NYC).

Study Design and Settings: Data came from administrative data for 2 groups of applicants who were eligible for an NYC
supportive housing program in 2007-09, including chronically homeless adults with a substance use disorder and young
adults aging out of foster care. We evaluated the 2 matching methods in their ability to balance covariates and represent
the original population, and in how those methods affected outcomes related to Medicaid expenditures.

Results: In the population with a substance use disorder, only optimal full matching performed well in balancing covariates,
whereas both methods created representative populations. In the young adult population, both methods balanced
covariates effectively, but only optimal full matching created representative populations. In the young adult population, the
impact of the program on Medicaid expenditures was attenuated when one-to-one greedy matching was used, compared
with optimal full matching.

Conclusion: Given covariate balancing with both methods, attenuated program impacts in the young adult population
indicated that one-to-one greedy matching introduced selection bias.
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Introduction matching performs localized matching in which a person in the
treatment/exposed group is sequentially matched with a person in
the control group [5,6]. In addition, optimal full matching employs
flexible matching ratios (e.g. N:N), which is more efficient in
balancing covariates than matching restricted to one-to-one pairs

Propensity score matching has been widely used to reduce bias
due to confounding in observational studies [1-3]. It allows
researchers to examine distributions and differences in observed

covariates between treatment (or exposed) and control groups [5,7]. Along with improved internal validity via covariate

balancing, optimal full matching can retain almost all subjects,
unlike one-to-one greedy matching which only retains pairs of
treatment and control subjects [5]. When evaluating public health
Interventions targeting certain populations, it is important to
ensure comparability between the propensity score-matched
population and the original population of interest. If they are

using statistical and graphical tools, which is more advantageous
for unbiased estimation than conventional regression adjustment
that lacks such tools [4]. When addressing covariate imbalance via
propensity score matching, optimal full matching has been shown
to be more efficient than one-to-one greedy matching [5]. This is
because optimal full matching minimizes the total distance
between treatment and control groups, whereas one-to-one greedy
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systematically different due to the exclusion of unmatched subjects,
then external validity (or generalizability) may be reduced [8,9].

Although propensity score matching has been shown to improve
internal validity by balancing covariates, little is known regarding
the influence of sample selection on estimation that results from
propensity score matching approaches [5]. Different propensity
score matching procedures tend to produce a subsample that may
differ from the original population, but generalizability of the
results to the original sample using the matched data has rarely
been examined. Although external validity is critical in contextu-
alizing evidence for public health interventions and practices,
studies using current causal inference methods, including propen-
sity score matching, often put too little emphasis on external
validity over internal validity. The purpose of this methods
evaluation was to assess potential bias due to sample selection in
one-to-one greedy matching as opposed to optimal full matching,
which was one of the major analytic considerations in an
evaluation of whether placement in a supportive housing program
in New York City (NYC) reduced costs from various government
services.

Materials and Methods

Population

In an effort to address homelessness, NYC and New York State
created a program to establish 9,000 units of supportive housing for
people who are homeless or at risk of homelessness in NYC.
Housing placement began in 2007 and will continue until at least
2016. To evaluate the effectiveness of the program on the utilization
and expenditures of government services and benefits, we conduct-
ed data linkage across multiple administrative records including
other types of government housing, jails, homeless shelters, New
York State psychiatric facilities, Medicaid, cash assistance, and food
stamps. Data were provided by the NYC Department of Homeless
Services, the NYC Department of Correction, the NYC Depart-
ment of Health and Mental Hygiene, the NYC Human Resources
Administration and within it Customized Assistance Services and
the HIV/AIDS Services Administration, and the New York State
Office of Mental Health. For the purpose of this analysis, we focused
on applicants who were eligible from 2007 through 2009 for 2 of the
9 populations housed by the program. More details on the program
and population definitions can be found in a recent report [10].
Readers interested in accessing the data should contact [epidatar-
equest@health.nyc.gov] to determine how data may be shared in a
way that protects confidentiality.

One population was adults with chronic homelessness and an
active substance use disorder (“SUD population”; placed: 456,
unplaced: 335). The other population was young adults aging out
of foster care (“young adult program”; placed: 122, unplaced:
299). The placed group included individuals who during their 1*
year of follow-up time were continuously placed in the supportive
housing program. The unplaced group included individuals who
were eligible for the program but who were not placed in the
program or in any other government-subsidized housing programs
tracked by the evaluation for more than 7 days [10]. The NYC
Department of Health and Mental Hygiene Institutional Review
Board (IRB) determined that the program evaluation is not human
subject research, and therefore does not fall under the purview of
the IRB.

Variables

The exposure variable in this evaluation was living in the
program for 1 year, which we refer to as being “placed,” as
opposed to the comparison group that was eligible for the program
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but “unplaced” in it. Baseline was defined as the earliest housing
placement date for the placed group and the earliest program
eligibility date for the unplaced group. Among the placed group,
the median difference between the first eligibility and the first
placement dates was 50 days, indicating that there was not a
lengthy waiting period between becoming eligible and moving into
housing. This paper focuses on total Medicaid costs and Medicaid
costs due to 1) outpatient care, 2) inpatient care, 3) emergency
department visits, and 4) prescription drugs. We included a large
number of covariates in the propensity score matching that
described baseline demographic and clinical characteristics and
pre-baseline service/benefit utilization (see Table S1 for the full list
of covariates). We included all variables in the propensity score
models except for those with extremely wide confidence intervals
because those suggested multicollinearity (data about confidence
intervals not shown).

Propensity score matching

We estimated propensity scores using a logistic regression model
for each population with housing placement as a dependent
variable and baseline or pre-baseline covariates as independent
variables. We then performed propensity score matching using 2
different algorithms. First, using a one-to-one greedy matching
algorithm (i.e., nearest neighbor matching) without replacement
utilizing the Matchlt program in R software version 2.14.2
(Vienna, Austria), we created matched pairs of placed and
unplaced subjects. For the SUD population, we randomly selected
one placed subject at a time and then matched that subject to an
unplaced subject because the size of the placed group was larger
than that of the unplaced group. For the young adult population,
we used the default option in the Matchlt program, in which a
placed subject was sequentially selected according to the largest
propensity score and matched with an unplaced subject. We also
performed one-to-one greedy matching using the random option
and found the same matching result, confirming that matching
was independent of the order of sample selection (e.g., random,
largest to smallest) when the placed group was larger than the
unplaced one. Second, we used the optmatch program in R
software version 2.14.2 (Vienna, Austria) to perform optimal full
matching, which generated matched sets of at least 1 placed and 1
unplaced individual as an optimal solution to minimize the total
sampled distance of propensity scores. Unlike one-to-one greedy
matching, optimal full matching creates matched sets that contain
varying numbers of placed and unplaced subjects.

Propensity score matching evaluation

We assessed the performance of propensity score matching
using 2 criteria: 1) whether the covariates were balanced (internal
validity) and 2) whether those retained in the analysis were
representative of the original population included in the evaluation
(external validity). For the first criterion, we evaluated the extent to
which each matching method balanced differences between placed
and unplaced groups by means of standardized absolute differ-
ences. Specifically, for all covariates we calculated the absolute
difference in an average covariate value between placed and
unplaced groups and divided that estimate by the pooled standard
deviation. After incorporating propensity score matching in this
calculation, we examined whether propensity score matching
decreased the standardized absolute difference. If the difference
became less than 0.1, which was considered to be a negligible
difference in a covariate between 2 groups on average [11], we
concluded that the observed covariate balance between 2 groups
was achieved, and therefore propensity score matching was
effective. For evaluating external validity, we compared baseline
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Figure 1. Distribution of Propensity Scores for Supportive Housing Tenants and Unplaced Applicants in Programs. This figure
describes the distribution of propensity scores for placed and unplaced subjects in SUD and young adult populations. In each population, there was
substantial overlap in the distributions between placed and unplaced subjects, meeting an important prerequisite for propensity score matching.
Abbreviations: SUD, substance use disorder. Data sources: NYC Department of Homeless Services, NYC Department of Correction, NYC Department of
Health and Mental Hygiene, NYC Human Resources Administration and within it Customized Assistance Services and the NYC HIV/AIDS Services

Administration, and New York State Office of Mental Health.
doi:10.1371/journal.pone.0109112.g001

demographic and clinical characteristics and pre-baseline service/
benefit utilization between the original population and the
population that remained after propensity score matching, and
examined whether there were systematic differences between these
2 populations by means of chi-squared tests (categorical variables)
or independent t-tests (continuous variables).

Estimation of treatment impacts

We estimated the impact of supportive housing on the
difference in Medicaid costs using propensity score-matched data.
After having established that covariates were balanced, which
confirmed that bias due to observed confounding was unlikely and
internal validity was achieved, we compared these estimates from
one-to-one greedy matched data with those from optimally full-
matched data, allowing us to assess potential bias due to the
sample selection in a propensity score matching process (ie., a
threat to external validity). To account for skewed data and
propensity score matching, we estimated median differences in
outcomes by placement status by inverting the Wilcoxon signed
rank test and Hodges-Lehmann (H-L) test using the one-to-one
greedy-matched and the optimally full-matched data, respectively
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[12]. Because these 2 tests are identical in terms of their estimation
algorithm (i.e., the H-L aligned rank sum test is the extension of
the Wilcoxon signed rank test for matched sets), we expected to
obtain almost identical point estimates if internal and external
validity were established in propensity score matching mecha-
nisms. In this study, we considered a point estimate with good
internal and external validity to be a true value and assessed bias in
terms of the difference between the observed and true values.
Using the same tests, we tested the null hypothesis that the H-L
point estimate was equal to zero.

For all analyses, statistical significance was established by a 2-
sided p-value<<0.05. All statistical analyses except for propensity
score matching were performed using SAS 9.2 software (Cary,

NC).

Results

Figure 1 describes distributions of the propensity scores (i.e., the
likelihood of being continuously placed in the housing program as
estimated by the propensity score models) for placed and unplaced
subjects. There were substantial overlaps in the distributions
between the 2 groups, meeting an important prerequisite for
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propensity score matching because matching placed with unplaced
subjects was performed on the basis of similarities in propensity
score. Stratified by propensity score quintiles, SUD program
participants in lower quintile groups were more likely to be non-
Hispanic white, receive supplemental security income, have
mental and physical illness diagnoses, and have histories of
hospitalization (data not shown). A limited capacity to live
independently as measured by the number of activities of daily
living requiring assistance and less frequent substance use were
also associated with lower propensity score quintiles. Likewise, in
the young adult population, having mental and physical illness,
receiving supplemental security income, and residing in foster care
or institutions such as jail or hospitals at the time of application
was associated with a lower likelihood of being placed in the
program.

Balance in baseline characteristics after propensity score
matching (internal validity)

Optimal full matching retained all subjects, whereas one-to-one
greedy matching excluded 121 from the SUD group and 177 from
the young adult group (Table 1). For the SUD program, all those
excluded by one-to-one greedy matching were in the placed group
and for the young adult program all were in the unplaced group.
In the SUD population, the performance of one-to-one greedy
matching in reducing observed differences between placed and
unplaced groups greatly differed across variables, while optimal
full matching in general performed well in establishing covariate
balancing (Table 2). In the young adult population, both matching
methods successfully reduced differences in demographic and
service utilization characteristics between placed and unplaced

groups.

Representation of the original study population after
propensity score matching (external validity)

Opverall there were no clear systematic differences between
retained and excluded subjects in the SUD population after one-
to-one greedy matching (all p>0.05 except for past violence-
related symptoms/behaviors; Table 3). Even though 27% of
placed subjects (n=121) were excluded, the exclusion was
independent of propensity scores, and therefore distributions were
similar before and after one-to-one greedy matching. However, in
the young adult population, subjects excluded by one-to-one
greedy matching were predominantly from the lower quintiles,
which were characterized by having mental and physical illness
and current substance use, and needing assistance with activities of
daily living. This resulted in systematic differences in population
profiles between one-to-one greedy matched data versus the
original data (Table 3). Unlike one-to-one greedy matching,
optimal full matching retained all participants in both programs.

Estimated differences in outcomes associated with
treatment

Given good internal and external validity, we considered the
estimated program impact from optimally full-matched data to be
a gold standard, and compared it with estimates using one-to-one
greedy matched data to assess bias. For the SUD population the
estimated program impacts on Medicaid costs were generally
greater using one-to-one greedy matching as opposed to optimal
full matching (Table 4). In contrast, for the young adult
population the estimated program impacts on total Medicaid
costs and outpatient Medicaid costs were attenuated when one-to-
one greedy matching versus optimal full matching was used. Given
similar covariate distributions for one-to-one greedy and optimally

October 2014 | Volume 9 | Issue 10 | e109112



Bias in Propensity Score Matching

full-matched data in the SUD population, which indicated
external validity, the discrepancies in estimates were likely due
to covariate imbalances (i.e., low internal validity) that one-to-one
greedy matching failed to reduce. In the young adult population,
given that both matching methods effectively established internal
validity, the differences were more likely to be attributed to the
one-to-one greedy matching process that systematically excluded
people with low propensity scores who were likely to experience a
greater impact of the supportive housing program on total
Medicaid costs given their baseline characteristics (i.e., low
external validity).

Discussion

In this evaluation we demonstrated that one-to-one greedy
matching led to biased estimates when selection was not
independent of the program impact. In the young adult
population, one-to-one greedy matching systematically excluded
unplaced subjects with low propensity scores, generating a
matched population that was healthier and more independent in
daily living than the original one. Despite good internal validity,
estimated program effectiveness was attenuated compared with
that from optimally full-matched data. In contrast, for the SUD

PLOS ONE | www.plosone.org

Table 2. Absolute standardized differences in selected covariates between supportive housing tenants and unplaced applicants
before and after propensity score matching.
SUD Population Young Adult Population
One-to-one Optimal
Before Greedy Full Before One-to-one Optimal Full
Matching  Matching Matching Matching Greedy Matching Matching
US citizen 0.12 0.13 0.02 0.06 0.00 0.01
Race/ethnicity
Non-Hispanic white 0.22 0.21 <0.01 0.14 0.17 0.23
Non-Hispanic black 0.17 0.16 0.01 0.22 0.21 0.28
Hispanic 0.01 0.01 <0.01 0.22 0.19 0.17
Other 0.06 0.05 0.01 0.12 0.09 0.07
Substance use (past)
Never 0.06 0.05 0.00 0.39 0.16 0.07
Less than weekly 0.07 0.08 0.02 0.01 0.06 0.08
Once a week 0.03 0.02 0.03 0.09 0.11 0.03
Several times per week 0.16 0.20 0.06 0.18 0.08 0.04
Daily 0.16 0.19 0.01 0.32 0.05 0.03
Unknown 0.06 0.05 0.05 0.15 0.13 0.01
Participated in substance use treatment program 0.07 0.05 0.01 0.04 0.00 0.01
Any physical health diagnosis based on ICD-10 codes 0.21 0.17 0.06 0.23 0.09 0.09
Eligible for scattered site housing 0.54 0.52 <0.01 0.76 0.23 0.01
Total Medicaid costs* 0.19 0.20 0.02 0.32 0.03 <0.01
Medicaid-billed inpatient costs* 0.19 0.19 0.02 0.29 0.02 <0.01
Medicaid-billed outpatient costs¥ 0.15 0.12 0.01 0.15 0.04 0.01
Medicaid-billed Emergency Department costs* 0.26 0.23 0.01 0.19 0.02 0.01
Medicaid-billed prescription costs* 0.10 0.09 0.04 0.12 0.02 0.01
Medicaid-billed other costs* 0.10 0.13 <0.01 0.21 0.05 0.04
Abbreviations: SUD, substance use disorder.
*Costs were aggregated during 2 years prior to supportive housing.
Data sources: NYC Department of Homeless Services, NYC Department of Correction, NYC Department of Health and Mental Hygiene, NYC Human Resources
Administration and within it Customized Assistance Services and the HIV/AIDS Services Administration, and New York State Office of Mental Health.
doi:10.1371/journal.pone.0109112.t002

population the sample selection for one-to-one greedy matching
appeared to be independent of propensity scores, indicating
external validity. For this population some differences in the
program impact between the two matching methods were
observed, which was likely due to covariate imbalance, rather
than selection bias.

Current literature offers little discussion of influences on
estimation due to sample selection with propensity score matching
mechanisms. This may be because this potential selection bias does
not occur when a treatment impact is estimated only for the
treatment group [13]. Yet, in some contexts where understanding
the impact of a treatment among the entire population of interest
is desired, selecting subjects for propensity score matching could
introduce unintended bias into estimation. Such a case would be
the evaluation of a public health intervention targeted to a
particular population, e.g., what change in outcomes would have
occurred if all subjects in the population had received a treatment?

Our findings support Little and Rubin’s argument that if sample
selection is non-ignorable, the size of bias in the estimated
population-level effects depends on the degree of association
between treatment effects and selection after adjusting for
covariates [8,9]. We found that sample selection in one-to-one
greedy matching depended on the extent to which the propensity

October 2014 | Volume 9 | Issue 10 | e109112



Bias in Propensity Score Matching

6000 £L0T'T$ 99¢$ SLY'LS 2L 0 00£'2$ 8€0'€$ 8v6'C$ $150D UOIIRIdDIRDU|
9500 768$ LESS LS LTY0 9/0'C$ S81Ts 951'$ 3502 dwels poo4
£8C0 £5T$ 6vvS 5339 S¢9°0 w'Ls 8vS'LS LSS S}50J 9duejsisse ysed
L00'0> 079'6$ 00v$ 858'S$ €60 9'6LS YEL'6LS Teels 51502 juanedul pa||ig-pIedIpa
0SL'0 9EY'LS 124D TLO'LS 95T°0 ¥£0'9$ 050's$ TTe'ss 51502 Juaniedino pa||ig-pledipapy
L000> 68071$ TLes 0765 LS¥'0 965°€€$ ¥20'0€$ T7L6'0€S S1S0D pledIPaN |e10]
(96e19AR) ANN1qI6I9 40 JUBWdE|d
0} Joud uonezijin adIAIRS Jeak-g

%€9 %EE %lS %Ll %81 %91 +C

%LT %CC %CT %09 %ty %8 L

L00'0> %91 %S %8C 9000 %6¢C %6€ %9¢€ 0
(3sed)
slo1AeYyaq/swoldwAs pale|a1-2dus|oIn

%9 %0¢ %S€ %8 %01 %01 +C

%¥T %61 %CT %¢CC %0C %0C L

100°0> %0€ %19 %EY 16£°0 %0L %0L %0L 0
(3sed) sioineyaq/swordwAs palejai-yieay [eusy

100°0> %SS %St %LS 8¥C'0 %LE %9€ %S¢ SIA
BulAll Aj1ep Joj aduelsisse pasN

8€C°0 %tC %81 %LT 9450 %Ly %8¢ %8¢ S9A
+Xopul
Aupliouowod uospeyd o1 Buipiodde
sisoubelp yijeay |edisAyd a1anas Auy

¥S0°0 %Ly %0€ %LE 6510 %08 %L %SL SIA
S9p0> 0L-ad| uo
paseq sisoubelp yyeay |esisAyd Auy

€100 %t %CL %61 6CC0 %88 %8 %58 SIA
1S9P02 6-ADI
Uo paseq asn aduelsqgns jusun)

100°0> %LT %€ %L 6960 %0¢ %0T %0C SIA
awodul Aundas [eyuswalddns BuiAdal Ajpusund

%Ly %8S %CS %16 %98 %88 S

SS0°0 %ES %Y %8 9810 %6 %L %EL dewsa4
PEIY
LLL (44} 66¢C X4} SEE oSt N

papnjox3 paurejay jejol papnj>x3 paurelay jejol
w2nea-d dnouo pasejdup onjea-d dnouo pasejd

uoneindod jnpy buno,

uoneindod ans

‘Buiydlew Apasib suU0-01-suU0 JoYe S123[QNS PSPNPIXS pue Pauleldl UsaMISF Uolezl|iin 31AI9s Buisnoy aaiioddns-aud pue sonsualdeIRyd BUlldseq *€ d|qel

October 2014 | Volume 9 | Issue 10 | e109112

PLOS ONE | www.plosone.org



ing

Propensity Score Matchi

ias in

B

£00¥Z1160L0"duod"|euInof/L g0 L:I0p

“YHESH [BIUBI JO BDJO ILIS HIOA MAN PUE ‘UOHEASIUIWPY SIDIAIDS SAIV/AIH

9Y3} PUB SIDIAIDG DURISISSY PIZIWOISND 3 UIYIM PUB UOIRIISIUIWLPY S92IN0SY URWNH DAN ‘DUSIBAH |BIUS pUR YljeaH JO Judwiiedag DAN ‘UOIID31I0) JO JudWHRASg DAN ‘SIDIAIRS SSIISWOH Jo Judwpedaqg DAN :$324n0s ejeq
'S159)-] Juspuadapul 4O (S3|qeLeA [eDLI0BR1RD) S1S3) PRIRNbS-IYD WOy PAALISP dJaM sanjeA-d)

'€8€-€LE

{(S)0v SIQ UoYD [ “uonepi|eA pue JuswWdo[aASp s3IPNIs [eupnibuol Ul ANpiqiowod disouboid Builissep Jo PoyIsW Mau  (£861) YD 31ZUdXDeN “T) S3JV ‘d 12dwod ‘JW uos|ieyd vzg'szg'zzg’1z9'029'08D'6£2'8L'LLD'861'981'58]
QTN LN OLA'L6D'96D'56D'76D'€6D26D'162'06D'88D'58D¥8D'€8D'78D°18D'9LD'S LD 'YL D' €LD'TLD 1 £D'0£D'69D'89D “£9D'99D'59D'79D'€9D'79D19D09D'85D°£5D'95D5SD

$SD'€SDTSDLSD0SD'6¥D 8D L D'OVD'SYD'EVD LYD'0FD ‘6€D'8ED'LED'VED'EEDTED LED'0ED9TD'STI YT '€TD'TTD'1ZD'0TD ‘61D'8LD'LLD'9LD'SLDYLD'ELD'TLD L LD 0LD'60D'80D'£20D°90D'50D
‘P0D'€0D'20D’L0D'00D'66Z'V6Z'6¥Z'CON'ELI'TLI'STN'SON'6LN'SLN ‘€8D°08D°LLD'F0D'Z8D°18D'YLI'€13'Z1I L1013

POZ'IUN LLNOLA VLA ELA'BLA'STH LTH'9TN'STH "9EW'SEW’ LEW'OOW PEW'EEW'TEN'SOW 0LI'8r LTI L9r'99r'SOr 791

€9 T LI 09 L'V SYI PP EVI'TY( LY OV LE€D’'S04°0€D’E04'704'L04°004 VEH691891'£91°991'S91'P9I “€91'T91'LII'091I'9VD'SYD'S6Z'SSH'6LI'LLI'ELI'LLI'0LI '6Td ‘THI “E€LI "L LI ‘601 ‘0S| ‘€I 'STI ‘TTI ‘LTI SPNJPU! S9POD OL-ADly
*(dsf's32/532/218M1J0SS|001/A06 DIy SN-ANdY MMM) 103[01d UOoneZI|IIN PUe 150D dJedYl|edH

Aq pawiiojul 319m s3POD 33YL “THSIN'60596'70596'L0S96'0596'00596'0S6/£L'SL09L'EL09L'TLOIL '€5559'1S5S9'055S9 VEBYI'EEBYO'TERYI’ LEBYI' 0EBYY'E6S0E T6SOE’ L6SOE'6S0E 06S0E'E8S0E T8SOE’ L8SOE '8S0E08S0E'€LS0E
‘TLSOE'1LS0E0£50€"€950€ 7950 1950€'950€"0950€"€SS0E TSSOE 1SS0E'SSOE'0SS0E EVSOE THSOE’ LSOE YSOE 0VSOE'EESOE

‘TES0E L ES0E'ES0E'0ESOE'ETSOE TTSOE LTSOE TSOE 0TSOE €670 'T6Y0E’L6V0E 6¥0E'06V0€ €8Y0E T8YOE L 8YOE '8F0E 08Y0E"ELYOE

TLYOE LLYOE LYOE'0LYOE EOF0E TOVOE’ LIOYOE I0E 09F0E ESYOE TSPOE ‘L SYOE'SYOE 0SYOE EPYOE THYOE’ LV YOE YY0E 0VY0E 'EEVOE TEVOE LEVOE "EVOE 0EYOE ECHOE TTYOE’ LTHOE THOE 0TOE E LYOE TLYOE L LYOE LYOE 0LYOE

'€010€ 200 LOY0E 0F0E YOE 0070 0626 7'68C67'S8T6T ¥8T6T'€8T6T '676C'T8T6T'18T6T'0TT6T'TLT6T'LLT6T'0026T'0086'LL09L'E0SOE TOSOE LOSOE 0S0E 'SOE'00S0E E6€0E T6HEOE' LEEOE'6EOE

‘06£0€'€0€0€°T0E0E LOE0E 'E0E'0E0E'00E0E061L62'68L6C'C8L6T'L8LET'6L6T ‘SL6T'TL6T LL6T'08L6T'0SL6T'0VL6T'0EL6Z'0ZL6C'0LL6T'00L6T SpPN[aUl S9POd 6-ADI,
“JI9PIOSIP 3SN 3dURISANS ‘ANS ‘SUOIDIAZIGQY

9€L0 669% 89S 799% eo 0S9vL$ 90v'9L$ ov6'sLS S1S0D J3Y|3Ys ssapwoy 3|buls
LLL cclL 662 X4 SEE 9st N
papnpox3 paurezay e301 papniox3 paurezsy /e300
wonjea-d dnoun pasejdun 2njen-d dnoup pase|q
uoneindod Jnpy bunoy, uoneindod ans

Ju0) *€ 3|qel

October 2014 | Volume 9 | Issue 10 | e109112

PLOS ONE | www.plosone.org


www.hcup-us.ahrq.gov/toolssoftware/ccs/ccs.jsp

Bias in Propensity Score Matching

¥00¥ZL160L0"duod leunol/Lzg1°0L:10p

"Y3[BSH |RIUSIN JO DIJYO 31LIS HOA MIN pue ‘UoRRISIUIWPY SIDIAISS SAIV/AIH

9U1 puUB $3IAISS 9DURISISSY PIZIWOISND U UIYIIM PUB UOIIRIISIUIWLPY S92IN0SIY UeWNH DAN ‘QuaIBAH [elusy pue yijesH jo uswuedsg DAN ‘UO1129110D) JO Judwledag DAN ‘S9DIAISS SS9OWOH JO Juswuedaq DAN :$924nos eleq
's91ewsa JualdYIp AYbijs ul paynsal yaiym ‘sited paydiew Juasapp Ajybis paonpoud buiydlew oy Joud s1dafgns padsejd Jo UOI1I99S Wopuel ydes ‘sauo padejdun ueyl s1dafgns pade|d aiow aiam 219y} asnedag,
'S9WODIN0 0437 pey 5323[gns Jo Ajuofew e asNed3] J|GRWINSS-UOU 2I9M SIJRWINSS SUIOS,

“(9njea-d papis-omy) 1591 yuel paubis (Buiydlew 3uo-01-3u0) UOXOD|IM pue (Bulydlew ||nj) UuBWYST-SIBPOH UO Paseq 2J9M S3)ewIsd asay ],

*19PJOSIP asn adueIsgns ‘gNS ‘|qewlss-uou ‘JN suonpiraIqqy

S350D Bnip

280 PS$— 9€/°0 (43 86L°0 16$— j440] 65— uonduosaid piedipapy

51502 Juswliedap

S€60 € 080 0% 100'0> £8€$— 1000 801$— Aousbiaws predipapy

S350

186°0 €$— [e14740] 0€$ €94°0 VLS— 8810 0€eS— 1uanedino piedipay

51502

+AN +AN L00°0> iv'LS— 0L00 0€e’LS— juanedul presipapy

€910 LTS~ LELO 08S$— L00'0> £60'S$— €000 009'€$— $1S0D pIedIPSN |e10]
anyen-d ojew)sy Juiod anfea-d ajewsy anfea-d ojewisy anfea-d ojewsy
Jutod Jutod Jurod

bury>jep buryszeyy jin4 jewndo Buryrey burysyey bursnoy

Apd3ain duo-o03-aup Apdain auo-o03-aup Jin4 jewndo o/ oddns-jsod 3503

presipayy 1eaf-aup
uoneindod 3ynpy bunoj uonendod ans

‘Buiydlew Apsa1b su0-01-auo snsisA Buiydlew |ny ewndo buisn Buisnoy sauoddns 1sod s150d piedipay Jesk-suo uo spedwi weiboid pajewnsy *y sjqeL

October 2014 | Volume 9 | Issue 10 | e109112

PLOS ONE | www.plosone.org



score distribution overlapped between placed and unplaced groups
and the sample size of these groups. In addition, our findings
confirmed current evidence that optimal full matching that
employs flexible matching ratios is more effective in covariate
balancing than one-to-one greedy matching [14]. Despite the
advantage of optimal full matching over one-to-one greedy
matching in establishing both internal and external validity, one-
to-one greedy matching tends to be a popular propensity score
matching choice because analysis of matched pairs and interpre-
tation of the results are more conceptually and computationally
straightforward than those of optimal full matching. With limited
emphasis on potential selection bias, researchers often justify using
one-to-one greedy matching if covariate balancing is observed.
Our findings highlight the importance of examining both internal
and external validity in determining a propensity score matching
method.

There are some limitations to this evaluation. First, we have not
identified variables that are a common effect of treatment and
outcome (collider) or located in the causal pathway from treatment
and outcome (mediator) among covariates. Estimates could be
biased due to controlling for these variables via propensity score
matching [15]. To minimize this potential distortion of true
association between treatment and outcome (e.g., biased either
away or toward to the null), we only used baseline and pre-baseline
covariates. Second, unobserved covariates could have biased
estimates. However, the study focused on differences between 2
propensity score matching methods using the same data and
differential influences from unobserved covariates by matching
methods were quite unlikely. Despite these limitations, a main
strength of this evaluation includes the well-defined comparison
group that consists of applicants eligible for the housing program.
Another strength is that multiple administrative data sources
provided a large number of baseline and pre-baseline character-
istics, which improved the estimation of propensity scores.

Propensity score matching is a useful tool to reduce bias due to
confounding and estimate a treatment effect when there is
sufficient overlap in the distribution of propensity scores between
treatment and control groups. Yet, unintended selection bias can
arise when sub-setting the original population for matching is
assoclated with program impact. In this evaluation, we provide a
practical diagnostic approach to assessing potential selection bias
in propensity score matching mechanisms that we used in a
program evaluation. When inference is made to the whole study
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population in a program evaluation, we suggest considering
optimal full matching over one-to-one greedy matching to
strengthen both internal and external validity and minimize
potential selection bias.
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