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Propensity score matching method (PSM) is widely used in
observational study to reduce selection bias. Observational study
lacks randomization, hence, statistical inferences without bias
adjustments usually include observed or unobserved effects of
covariates. If a subject with specific characteristics has a higher
chance to be selected for a specific treatment, the characteristics
have a possible effect on statistical results. PSM is the method
for controlling covariate imbalance that produces the selection bias.
In this paper, we introduce the basic concepts of PSM and simplified
methods of PSM process. However, PSM is a rapidly developing
statistical area with many limitations and some disadvantages.
These points are described in the concluding section to emphasize
the importance of considering the various features of PSM in the
study design. (Anesth Pain Med 2016; 11: 130-148)
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Appendix
Optimal propensity score matching method using R system

NE

R AZ8E 3/ e dol& A2 Aldke] gl FEE AlFo] =W, SAEA # ]—71] A& = Qe A d)
7127} AlF=7] wiwoll A propensity score matching (PSM)= H-&38 4= 9t} o] F9 HHL ZA7l 3/ AFE 2dojel R
A =8l7t PSME] dlAlE Fsle] PSM oldlletal 388 o+ =S sl Adrk o] I ]Xﬂ"ﬂ AEE A e AARE A
B2 AlgJsla pSMe] Aol TS 7 Q7] wiTell, 5A Wl tidk AW o8] FHE Fute] Fad g R

m

R M2"ES 0|88t PSM ¢

R AJ2Fe] 4]

R Al&gle] HA AR 223} R AJAHS] HAHE tJFZE s+ W2 R EH0]A] hitp://www.r-project.org s E3l|4 7}
S3lth. &0l A ollA] CRAN (Comprehensive R Archive Network) mirrorE E3lo] #A13ke] R A|A8lS AXE 4 9}

PsMel| Badt 9712 HA]

R A 28ls FEshi kel 714 =l ek o] wlwE F3ll pSMell edt g 74z 7|2 & AX et

- Matchlt: SAHQl AATA FES $ ZEgojo|t}. MatchltS 20041 Ho Soll[1] sl A& &M= °‘I]
[1], ‘ﬂ”Aﬂ AR wHeR FAH Ar2HE MAE B 54 2ES AlEEEeh Matchltoll izl 2HAgE W&
R Al &8-S G538 F, help (“Matchlt”) &S Zaf el 4 9}

- Optmatch: Optlmal full matchingS $]8l] HF=A] Q3 sj7]A o]t} 200210l Hansen S-oll[2] 2lsto] XS &7 o
HEATFoNA AX T 2zt Aolol] gl ETdS Fol7] sl Bl 4" o8 7HA distanceol] EA 3] %
= olF= A3 W& Algdrh

=
=

3]
gl

mlo

oA =Y A&7 http://www.anesth-pain-med.org/submission/File/psm.example.apm.csv

o] A2k R Azl TANE A4 5 ol felo] PSME ARl S8 HE AZEA, 919 D24 chgE
7hsele,

z 7 7] $lsfo] ot 2AG A dglom, e WA ool
g oAl LS C\temp\ Zrioll HAgE § R Al&EeA 44‘“}71 Aete] a3t 22
oldlg |, FHANE YWrEER FAF Urh dA 7153 vkt Fro] of|A| U2 A} a‘%‘ﬂdi(
HbAlc, Aspirin 58013} &4 X% o] 79l treatment 2|3 23} W9l bleeding2Z o] Fo]#A Uu}.
> # Load Original dataset

s
C3
oft
25
oft
>
%2}
=
>
&
—

> original = read.csv("c;/temp/psm.example.apm.csv"”)

> head(original)

X AST ALT HbAlc Aspirin  treatment  bleeding
360.7339  435.8191 10.014484 0 0 0

3247640  282.6584  9.167625
4764515 3447153  8.729882
484.5870  373.1589  8.300526
351.8709  328.7666  9.040898
5295012 529.7834  6.458388

[« WY, N N UC I (S
AN N B WD~
— O = O O
oS O = O O
O O O O O
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qA =t 24

A dEHaEd il ZaEAE A&t fste] A4 AR SEAA AFE Al

> #### Initial analysis #####
> # Normality test
> shapiro.test (resid(Im(AST ~ treatment, data = original)))

Shapiro-Wilk normality test

data: resid(Im(AST ~ treatment, data = original))
W = 0.99956, p-value = 0.7684

> shapiro.test (resid(Im(ALT ~ treatment, data = original)))

Shapiro-Wilk normality test

data: resid(Im(ALT ~ treatment, data = original))
W = 0.99958, p-value = 0.8002

> shapiro.test (resid(Im(HbAlc ~ treatment, data = original)))

Shapiro-Wilk normality test

data: resid(lm(HbAlc ~ treatment, data = original))
W = 0.99923, p-value = 0.2353

> # Equal variance test

> var.test (AST ~ treatment, data = original)

F test to compare two variances

data: AST by treatment
F = 1.1074, num df = 2517, denom df = 481, p-value = 0.1567
alternative hypothesis: true ratio of variances is not equal to 1
95 percent confidence interval:

0.9614096 1.2671484
sample estimates:
ratio of variances

1.107368

> var.test (ALT ~ treatment, data = original)

F test to compare two variances

data: ALT by treatment
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F = 1.0678, num df = 2517, denom df = 481, p-value = 0.3631
alternative hypothesis: true ratio of variances is not equal to 1
95 percent confidence interval:

0.927078 1.221899
sample estimates:
ratio of variances

1.067824

> var.test (HbAlc ~ treatment, data = original)

F test to compare two variances

data: HbAlc by treatment
F = 1.001, num df = 2517, denom df = 481, p-value = 0.999
alternative hypothesis: true ratio of variances is not equal to 1
95 percent confidence interval:
0.8690916 1.1454722
sample estimates:
ratio of variances
1.001034

AR T 2T AEHEQ AST, ALT, HbAlee ATAT SEAA S HEsla 5s & & oo
ol A A5 9] A& Alefgi}. FH 5ol a4 two sample t-test®} chi-square test, test of population proportions A]e§ghc}.

> # Comparing original data

> ttest (AST ~ treatment, var.equal = T, data = original)

Two Sample t-test

data: AST by treatment
t = 0.1618, df = 2998, p-value = 0.8715
alternative hypothesis: true difference in means is not equal to 0
95 percent confidence interval:
-9.044961 10.671970
sample estimates:
mean in group O mean in group 1
399.5292 398.7157

> ttest (ALT ~ treatment, var.equal = T, data = original)
Two Sample t-test

data: ALT by treatment

t = 0.71153, df = 2998, p-value = 0.4768

alternative hypothesis: true difference in means is not equal to 0

95 percent confidence interval:
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-6.327051 13.534593

sample estimates:

mean in group O mean in group 1
409.0967 405.4929

> ttest (HbAlc ~ treatment, var.equal = T, data = original)

Two Sample t-test

data: HbAlc by treatment
t = -0.86409, df = 2998, p-value = 0.3876
alternative hypothesis: true difference in means is not equal to 0
95 percent confidence interval:
-0.13684743 0.05312717
sample estimates:
mean in group 0 mean in group 1
9.006312 9.048172

\%

library (MASS) # For chi-square analysis

> tbl.aspirin = table (original$Aspirin, original$treatment)

\Y

rownames(tbl.aspirin) = c("(-)Aspirin", "(+)Aspirin")

\%

colnames(tbl.aspirin) = c("(-)treatment”,"(+)treatment”)

> tbl.aspirin

(-)treatment  (+)treatment
(-)Aspirin 1561 278
(+)Aspirin 957 204
> chisq.test(tbl.aspirin)

Pearson’s Chi-squared test with Yates’ continuity correction

data: tbl.aspirin
X-squared = 2.9992, df = 1, p-value = 0.08331

>
> tbl.bleeding = table (original$bleeding, original$treatment)
> rownames(tbl.bleeding) = c(“(-)bleeding”, "(+)bleeding”)

> colnames(tbl.bleeding) = c(”(-)treatment”,”(+)treatment”)

> tbl.bleeding

(-)treatment  (+)treatment
(-)bleeding 1317 227
(+)bleeding 1201 255

> prop.test (table (original$treatment, original$bleeding), correct = F)
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2-sample test for equality of proportions without continuity correction

data: table(original$treatment, original$bleeding)
X-squared = 4.3929, df = 1, p-value = 0.03609
alternative hypothesis: two.sided

95 percent confidence interval:

0.003434916 0.100724679

sample estimates:

prop 1 prop 2

0.5230342 0.4709544

>

Matchingd 9] #2k8 £4 A5 Aglshd b33} Zrk(Table 1).

Table 1. Statistical Analysis Results before Propesnsity Score Mathcing

Covariates

Observed values

Variables P value
Control group Treated group
AST 3995 + 101.9 398.7 + 96.9 0.872
ALT 409.1 + 1024 4055 + 99.1 0.477
HbA1c 9.01 £ 0.97 9.05 + 0.97 0.388
Aspirin Not used 1561 (84.9) 278 (15.1) 0.083
Used 957 (82.4) 204 (17.6)
Result
Bleeding Not occurred 1317 (52.3) 227 (47.1) 0.036*
Occurred 1201 (47.7) 255 (52.9)
2E WA F o Hol= gldlen], 8] WAL F 7 Aololl folgk X7t et

PSM: Standardized difference®} Matchlt #]7]1%] A4

HFol] g3 standardized differenced ©]-83}o] #A7] A F 2] balanced diagnosticsE H] L }o]

o] PSMoll= RE=A] I g3l 942 PSMA | ZF gl o]l th3l standardized difference® 3+

> # Standard difference of original dataset

> treated = original$treatment == I

> cov = original[,2:4] # Covariates, continuous data
> cov [1:10,]

AST ALT HbAlc
360.7339  435.8191  10.014484
3247640  282.6584 9.167625
476.4515 344.7153 8.729882
484.5870  373.1589 8.300526
351.8709  328.7666 9.040898
529.5012  529.7834 6.458388

AN N B W=
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392.6652  342.4583 7.973046
299.9401 522.1397 9.316708
288.0765  364.0826 8.105721
10 4319856  586.1401 7.471799

O o0

>
> std.diff = apply(cov, 2, function(x) 100*(mean(x[treated]) - mean(x[!treated]))/(.5*(var(x[treated])+var(x[!treated]))))
> std.diff

AST ALT HbAlc

-0.008229608 -0.035499310  4.410494451
>
> p.tx0 = tblaspirin[2,1]/(tbl.aspirin[1,1]+tbl.aspirin{2,1])
> p.axl = tblaspirin[2,2]/(tbl.aspirin[1,2]+tbl.aspirin[2,2])
> stddiffp = (p.txl - p.tx0)/(sqrt((p.tx]*(1-p.tx1) +p.tx0*(1-p.tx0))/2))
> std.diff.p
[1] 0.08815193

AlA=E standardized differenceS % 2] s} Table 29} 7).

Table 2. Statistical Analysis Results and Standard Differences before Propensity Score Matching

Covariates

Observed values

Variables P value Standardized difference
Control group Treated group

AST 399.5 £ 1019 398.7 £ 96.9 0.872 —0.00823
ALT 409.1 + 1024 405.5 + 99.1 0.477 —0.0355
HbA1c 9.01 + 0.97 9.05 + 0.97 0.388 4.410494
Aspirin Not used 1561 (84.9) 278 (15.1) 0.083 0.088152

Used 957 (82.4) 204 (17.6)
Result
Bleeding Not occurred 1317 (52.3) 227 (47.1) 0.036*

Occurred 1201 (47.7) 255 (52.9)

UnPH o 2 standardized difference”} 0.1 o]alo]wl FH ko] Xpo] 5 FAIE = ek o] oAl A= HbAlcrl 43t 2pol &
UEREL glom e FUAES ougli Hold Bolx ¢k 9irk. o] AT PSM AW olF9) Hlmele] BES G},
PSM2| A]3§& AST, ALT, HbAlc, Aspiring tho 2 A|38slgl n; optimal full matching method 2 A]8s}53c}.

> ##### Propensity Score Matching: Optimal 1:1 method #####

> library (Matchlt)

293 AW1AE 29FYuUh MASS

>

> originall = as.data.frame(na.omit(original))

> opt.psm.out = matchit(treatment ~ AST + ALT + +HbAIc + Aspirin, method = "optimal", data = originall)
Loading required package: optmatch

Loading required package: survival

The optmatch package has an academic license. Enter relaxinfo() for more information.

Warning message:

In fullmatch(d, min.controls = ratio, max.controls = ratio, omit.fraction = (n0 - :
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Without ’data’ argument the order of the match is not guaranteed
to be the same as your original data.
> summary (opt.psm.out)
Call:
matchit(formula = treatment ~ AST + ALT + +HbAlc + Aspirin, data = originall,
method = “optimal”)
Summary of balance for all data:
Means Treated Means Control SD Control Mean Diff eQQ Med eQQ Mean eQQ Max
distance 0.1619 0.1604 0.0140 0.0015 0.0013 0.0015 0.0080
AST 398.7157 399.5292 101.9251 -0.8135 3.6490 5.2687 69.4231
ALT 405.4929 409.0967 102.3945 -3.6038 3.8694 5.2492 75.8239
HbAlc 9.0482 9.0063 0.9745 0.0419 0.0554 0.0573 0.3797
Aspirin 0.4232 0.3801 0.4855 0.0432 0.0000 0.0436 1.0000
Summary of balance for matched data:
Means Treated Means Control ~ SD Control Mean Diff eQQ Med eQQ Mean eQQ Max
distance 0.1619 0.1619 0.0146 0.0000 0.0002 0.0002 0.0010
AST 398.7157 397.9533 101.7633 0.7624 5.6879 6.7025 88.6984
ALT 405.4929 405.5981 100.4716 -0.1052 4.4827 5.3914 33.9137
HbAlc 9.0482 9.0274 0.9479 0.0208 0.0364 0.0532 0.9915
Aspirin 0.4232 0.4274 0.4952 -0.0041 0.0000 0.0041 1.0000
Percent Balance Improvement:
Mean Diff. eQQ Med eQQ Mean eQQ Max
distance 98.5859 85.2916 85.1643 88.1270
AST 6.2836 -55.8756 -27.2127 -27.7649
ALT 97.0804 -15.8492 -2.7090 55.2731
HbAlc 50.2591 34.2689 7.2095 -161.1719
Aspirin 90.3889 0.0000 90.4762 0.0000
Sample sizes:
Control Treated
All 2518 482
Matched 482 482
Unmatched 2036 0
Discarded 0 0

AT mean difference®] W3S BolFw], ulAnto] #g o] & AR 482702 PsMol Slo] A4E AR EEFE 964

A olek. PsMell SJa) 4R ol Fol7l hEE ARE Agsa TAHLE Felo] MIE Bk FAE Bk
> opt.data = match.data(opt.psm.out)
> head(opt.data)
X AST ALT HbAlc Aspirin  treatment  bleeding  distance weights  subclass
4 4 4845870 373.1589  8.300526 1 1 0 0.1718407 1 321
8 8 2999401 522.1397 9.316708 0 1 0 0.1487687 1 383
9 9 288.0765 364.0826 8.105721 1 1 0 0.1725665 1 399
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10 10 431.9856

15 15 447.1536

17 17  280.3349
>

> plot(opt.psm.out)
Hit <Return> to see next

> plot(opt.psm.out, type =

integer(0)
> plot(opt.psm.out, type =

>

586.1401  7.471799 1
5749611  9.320016 0
375.2379  8.798687 0

plot:
"jitter")

rlhl'stu)

[1] "To identify the units, use first mouse button; to stop, use second.”

0
0
0

0.1574736
0.1455818
0.1521404

1 1
1 6
1 54

Opt.psm.out 7]&2] 77] ¥W<rol] distance, weight, subclassgl= Al 719 ®W7l o] F7}=]9dc). Distance= 7+ propensity

score®] X}o]o]|

olgt Az, weight= weight options Ab
subclass= #37|7F o] FolZ 2550 W ot ARV} H AEE F2
Plot & Eoll o3l AR TZ= b33 Zrk(Figs. 1-3).

QQ Plots
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Q2808

[SIP =]

] AgE 7he] AE+= weight options AHE3}A
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Fig. 1. The graph created using the R
command 'plot. Using this QQ plots,
visual check analysis for post matched
data compared to original data is
possible according to each covariate. |
case of covariate ‘aspirin’, all outliers
existed in original data were disappeared
after propensity score matching except
one.
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Distribution of propensity scores

Unmatched treatment units

Matched treatment units

Matched control units

S o0
2 £L8 ©

Unmatched control units

0.16 0.18
Propensity score

Fig. 2. The graph created using option ‘Type=jitter’. The propensity scores
of matched treatment and matched control units are considerably

overlapped.
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Fig. 3. Propensity score distributions of before and after propensity score matching. When propensity score matching process is adequate, the distributions
of matched treated and matched control groups are actually similar.
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Post matching analysis

MatchlngE] ABE DA ol RS BATE WS o §ot of dlAlolE A AR oA AR B

o= 574]*1?4%— 33 E‘r SAAE & Helle AT HolE #AAT = glon, standardized differences Al4eto] 7]
& thﬂ/ﬂ #o Erdol dnkt si& HAUEA S g ek
> ###Post matching analysis###

> #normality test

>

> shapiro.test (resid(Im(AST ~ treatment, data = opt.data)))

Shapiro-Wilk normality test

data: resid(Im(AST ~ treatment, data = opt.data))
= 0.99882, p-value = 0.792

> shapiro.test (resid(Im(ALT ~ treatment, data = opt.data)))

Shapiro-Wilk normality test

data: resid(Im(ALT ~ treatment, data = opt.data))
= 0.99863, p-value = 0.6704

> shapiro.test (resid(lIm(HbAlc ~ treatment, data = opt.data)))

Shapiro-Wilk normality test

data: resid(lm(HbAlc ~ treatment, data = opt.data))
= 0.99759, p-value = 0.1709

>

> #equal variance test

> var.test (AST ~ treatment, data = opt.data)

F test to compare two variances

data: AST by treatment
= 1.1093, num df = 481, denom df = 481, p-value = 0.2558
alternative hypothesis: true ratio of variances is not equal to 1
95 percent confidence interval:
0.927515 1.326633
sample estimates:
ratio of variances
1.109267

> var.test (ALT ~ treatment, data = opt.data)
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F test to compare two variances

data: ALT by treatment
F = 1.0027, num df = 481, denom df = 481, p-value = 0.9764
alternative hypothesis: true ratio of variances is not equal to 1
95 percent confidence interval:

0.8384097 1.1991851
sample estimates:
ratio of variances

1.002701

> var.test (HbAlc ~ treatment, data = opt.data)

F test to compare two variances

data: HbAlc by treatment

F = 0.93467, num df = 481, denom df = 481, p-value = 0.459
alternative hypothesis: true ratio of variances is not equal to 1
95 percent confidence interval:

0.7815236 1.1178205

sample estimates:

ratio of variances

0.9346674

>
> # comparing matched data

> ttest (AST ~ treatment, var.equal = T, data = opt.data)

Two Sample t-test

data: AST by treatment

t = -0.11777, df = 962, p-value = 0.9063

alternative hypothesis: true difference in means is not equal to 0
95 percent confidence interval:

-13.32855 11.81938

sample estimates:

mean in group O mean in group 1

397.9611 398.7157

> ttest (ALT ~ treatment, var.equal = T, data = opt.data)

Two Sample t-test

data: ALT by treatment
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t = 0.33367, df = 962, p-value = 0.7387

alternative hypothesis: true difference in means is not equal to O
95 percent confidence interval:

-10.40327 14.66569

sample estimates:

mean in group O mean in group 1

407.6241 405.4929

> ttest (HbAlc ~ treatment, var.equal = T, data = opt.data)

Two Sample t-test

data: HbAlc by treatment

t = -1.8946, df = 962, p-value = 0.05845

alternative hypothesis: true difference in means is not equal to 0
95 percent confidence interval:

-0.2380002 0.0041857

sample estimates:
mean in group 0 mean in group 1

8.931265 9.048172

>

> library (MASS)

> opt.thl.aspirin = table (opt.data$Aspirin, opt.data$treatment)
> opt.tbl.aspirin

0 1
0 277 278
1 205 204
> chisq.test(opt.tbl.aspirin)

Pearson’s Chi-squared test with Yates’ continuity correction

data: opt.tbl.aspirin
X-squared = 0, df = 1, p-value = 1

>
> opt.tbl.bleeding = table (opt.data$bleeding, opt.data$treatment)
> opt.tbl.bleeding

01
0 0227
1 482 255

>

> prop.test (table (opt.data$treatment, opt.data$bleeding), correct = F)
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2-sample test for equality of proportions without continuity correction

data: table(opt.data$treatment, opt.data$bleeding)
X-squared = 296.92, df = 1, p-value < 2.2e-16
alternative hypothesis: two.sided
95 percent confidence interval:
-0.5155159 -0.4263928
sample estimates:
prop 1 prop 2
0.0000000 0.4709544
>
>opt.treated = opt.data$treatment == 1
> opt.cov = opt.data[,2:4]
> opt.cov [1:10,]
AST ALT HbAlc
4 484.5870 373.1589 8.300526
8 299.9401 522.1397 9.316708
9 288.0765 364.0826 8.105721
10 431.9856 586.1401 7.471799
15 447.1536 574.9611 9.320016
17 280.3349 375.2379 8.798687
26 461.5947 623.6744 8.424403
30 473.8413 190.3081 9.279516
36 321.5720 363.5726 10.179795
38 518.5353 391.3981 6.892140
>
> std.optdiff = apply(opt.cov, 2, function(x) 100*(mean(x[opt.treated]) -
mean(x[lopt.treated]))/(.5*(var(x[opt.treated]) +var(x[lopt.treated]))))
> std.opt.diff
AST ALT HbAlc
0.007725369 -0.001056726 2.254509818
>
> p.opt.tx0 = opt.tblaspirin/2,1]/(opt.tbl.aspirin{1,1]+opt.tbl.aspirin{2,1])
> p.opt.tx]l = opt.tblaspirin/2,2]/(opt.tbl.aspirin[1,2]+opt.tbl.aspirin{2,2])
> std.diff.p.opt = (p.opt.ixl - p.opt.tx0)/(sqre((p.opt.txI*(1-p.opt.txl)+p.opt.tx0*(1-p.opt.tx0))/2))
> std.diff.p.opt
[1] -0.008392996

PSM A9 A3} v

AA7] AFe] A} v|iZE Table 33 )l PSMS Al Folle 7|EY #2889 AAVE ¢ AEY standardized
differenceS HFEA] F7)8) Folof g}
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Table 3. Statistical Analysis Results and Standardized Differences before and after Propensity Score Matching

Before propensity score matching After propensity score matching
Varaibles
Observed values Standardized Observed values Standardized
’ P value difference P value difference
Covariates Control group  Treated group Control group  Treated group
AST 3995 + 101.9 3987 + 969  0.872 —0.00823 398 £ 101.8  398.7 + 96.9 0.906 0.007725
ALT 409.1 £ 1024 4055 + 991 0477 —0.0355 4056 £ 100.5 4055 £ 99.1 0.739 —0.00106
HbA1c 9.01 £ 0.97 9.05 + 097 0.388 4.410494 9.03 + 0.95 9.05 + 0.97 0.058 2.25451
Aspirin - Not used 1561 (84.9%) 278 (15.1%) 0.083 0.088152 276 (49.8%) 278 (50.2%) 1.000 —0.00839
Used 957 (82.4%) 204 (17.6%) 206 (50.2%) 204 (49.8%)
Result
Bleeding Not occurred 1317 (52.3%) 227 (47.1%) 0.036 1 (0.2%) 227 (47.1%) <0.001
Occurred 1201 (47.7%) 255 (52.9%) 481 (99.8%) 255 (52.9%)

Optimal full matchings A3} ol E B33 HbAlc] 7d-$-oll= standardized d1fference7]— 2% 9& kol A=A o™
7d%-oll*= optimal full matching ¥ ofyz} c}2 W ER vleRA] w#Hef wlok o, 1.1 ¥uk oblzk 1: 2, 1: 35 v &2
upto] b Al AR 715 sfetof dhch. EE3E propensity score Al4toll AHEH FHES] FRE A et ek B oAl
A< optimal full matching " thEA AWt Matchlt 7] 22 © & exact matching, subclassification, nearest neighbor, genetic
matching, coarsened exact matchings- o12] 7}A] #3317 W& Algsl 71EXE FoJsl7), F4 % propensity score 52| &

% o7& 14 5% AYY 5 AvEL
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