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SAS RIFLER

libname data r:\PEEWHI-F7/E\ERABERERE-20220ct\ 111 EFEFNEEREHRUE
2212\20221207 BADEMEE\PS matching'; /*EIISASERIEx/

/*STEP 1: Estimating the Propensity Score (PS)*/

proc sort data=data.arni f; by descending gp new;run;

Title j=center height=12 pt font=Arial Bold Italic “PS-logistic regression
model fitting”;

Proc logistic data=data.arni f;

class sex dn htnmi af bbb g mra g /* (ref=first)*/;

model gp new= age sex ef final dm htnmi af bb g mra g / lackfit;
/*requests Hosmer and Lemeshow goodness-of-fit test*/

output out=out ps prob=ps xbeta=logit ps;/*create new data set: out ps*/
run;

/*new variable: ps:propensity score logit ps: logit of propensity score*/
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R EEDER
#Propensity score model

psmodel <- glm (gp_new ~ age + sex + dm + htn ,
family = binomial (link = "logit"), data =data_ipwt )
summary (psmodel)

#Value of propensity score for each subject
ps_W <- predict (psmodel, type = "response”)
ps_case <- cbind (ps_w, data_ipwt )

#E FRTE Ao L BAmissing data
#HE S IPSTE Aexcel.csvig

setwd("D: /BB S /P B EB-E 4/ \VH/ E R B RZEHRE-20220ct /1115F 354 /20221
73 89 A /PS matching”)
write.table(ps_case, “ps_case.csv", quote=F, row.names=F)
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Cepeda MS, et al. Am J Epidemiol, 201
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*tEERE (f£FLogistic Regression)

SAS R{ELER
/*(2)Creating Kernel Density Plot of Propensity Score*/

title2 "Kernel Density Plot of Propensity Score";
data gp; PS-logistic regression model fitting

set out ps(keep=gp new ps); /*ﬂ?JEZKPSEE’\]%Iﬁ, kBB R4 T AR AI B~/ o S P D P g A maly Tees

if gp_new="1" then ARNI=ps; AR sl
else Non ARNI=ps;

5
run,

20

proc sgplot data=gp;
density ARNI /scale=percent /*HPUEHZIR: count*/

type=kernel % 156

legendlabel="ARNI' /*#HRINATE*/

LINEATTRS= (COLOR=red) ; /*#RIZEREE+/ 10 -
density Non ARNI /scale=percent

type=kernel 5

legendlabel="Non-ARNI'
LINEATTRS= (color=blue) ; /*MAREAR (AREIR) EE—REER—RE L/ | . ‘ | | .
xaxis label='Estimated probability' max=1 min=0 ;/*xX#ZEEZAE/NEZHRE/ 00 0.2 04 06 08 10
yaxis max=30; Estimated probability
keylegend / noborder location=inside position=topright;/*&REMAAIZEEIIBI*/
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Variable Selection for PS Model

= Method used for vanable selection

= Whether empirical knowledge was considered

- Whether variable™s association with treatment
and/or outcome

Propensity Score Estimation

= Method used to estimate the PS5, c.g. logistic
regression

= Vanables and/or interaction terms included in the
Ps

¥

Applying the PS methods

= Type of PS method employed.

l

PS Matching

= Matching algorithm, caliper width, and
maiching ratio used.

= Whether matching was with replacement.
and matched nature of the data accounted
the analysis.

= Mumber of patients at the start and afier
maiching,

= Wumber and charactenstics of excluded
patients (versus matched ones)

= The distribution of baseline characteristics
between treated and control patients
i the matched and starting population.

= Balance of Covariates between maiched
groups.

Balance Assessment

= Balance measure used.
= Quantifying the balance and whether imbalance on
covarates was detected afier the final PS model.

v

v

PS Adjustment
= Overlaps of the PS distribution between
treatment groups. *
= Whether lincar relationship was checked
between owlcome and the PS.

Treatment Effect Estimation
- Statistical method used.
- Whether additional adjustment was made for
covariates.
= Whether sensitivity analysis was performed,

Interpretation of Effect estimate

- The interpretation of the effect estimates in
relation to the research question, target
population & type of PS method used (ATE
and ATT)

k4

PS Stratification
= The quantile used for siratification.
= The overlap of PS5 with quantiles of PS using
plots or balance measures.
- Balance of covariates with in quintiles of the
Ps.

k4

PS Weighting

= The range (mean, max, min} of unstabilzed
and stabilized weights.

= Variables included in the PS5 models for
both numerator and denominator of the
weights,

= Whether weights were truncated and method
used.

= Balance of Covanates in the weighted
sample groups.

Ali MS, et al. J Clin Epidemiol, 2015



fE

{53 ERViERES
Table 3. The frequency of the different PS methods and balance
assessment
Number of Balance
Method articles (n) checked
PS matching® 204 (68.9) 144 (70.6)
1:1 matching 118 92
1:2 matching 3 2
1:3 matching 4 3
1:4 matching 5 3
Covariate adjustment using PS 62 (20.9) 25 (40.3)
Stratification using PS® 41 (13.9) 17 (41.5)
Quintiles of PS 21 10
Deciles of PS 8 1
Quartiles of PS 3 2
Tertiles of PS D 3
IPTW 21 t7.1) 15(71.4)
Mixed"” 26 (8.8) 18 (69.2)

Ali MS, et al. J Clin Epidemiol, 2015.
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» fic¥t ( matching )
» N#E ( weighting )

» 7IE ( stratification )

» JWEFFZEE ( covariate adjustment in regression model




Propensity-score Matching

N of subjects N of subjects

Never treated Always treated T Never treated
i

0 0,5

Exposure propensity score Exposure propensity score
—— » Treated subjects e u Treated subjects
= == = w Untreated subjects == == = = Untreated subjects
Before matching After matching

Patorno E, et al. Epidemiol Biostat Public Health, 2013
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EMEeiE (# *Logistic regression)
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» TESPSS 19hRIA1E - ol AR IMI TS T ESPSS T (£ FIPSMINHE
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» SPSSIR{ELER

WRE) HEE WRY | TEEEATY. ARERW  EN HSW

#HEH)
REEAAEEE S HE M BA B A
> BB EES B R = iRy hEE
4: | R FRETRHEE
0 | |RrEsemnsme. | Swmm | Lom | L mERw |
1 100 | oo e Q. 0 1.00 1.00 00
2 200 0 1.00 2.00 200
3 3.00 i " o 1.00 1.00 00
4 4go |08 BPIENEREL. 0 1.00 2.00 00
5 soo |FdRBAREREQ. 0 1.00 1.00 00
3 6.00 |7 HEEHEE). 0 1.00 2.00 00
7 7.00 |5 HESEERSO). 0 1.00 1.00 00
8 800 |EEsmemEe). 0 1.00 2.00 00
9 900 | e mmay. 0 100 100 00
10 (L [ OS———— 0 1.00 200 00
11 11.00 AHERC) 3 ﬂ. 1.00 3.00 00
12 12.00 0 1.00 1.00 .00
13 1300 |0 RAR)- 0 1.00 2.00 00
14 1400 | REIME.. 0 1.00 1.00 00
15 15.00 |Ed HERANEE 0 1.00 1.00 00
16 16.00 | B ¥ EEAIELY 0 1.00 1.00
17 17.00 | B B 0 1.00 1.00
18 18.00 ETHEHH) » 0 1.00 1.00
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» SPSSIR{ELER
> B —{EE 5 SR
> FEEIREFTKETIE
> BhHEEIR
> HRER

* ERUTISE ., (1REH ; 0/AEHE) 1’E%EE"‘“‘§&

FEAPRyEE

B S.E. Wald =lezlic T iE 2K Exp(B)

B - 241 142 2874 ! 090 786
KR 1.675 355 22212 {000 187

TP 1809 370 23931 { 000 6106

BMI 342 232 2167 t 14 710
MRS 585 410 2036 1 154 1.795

RS 2089 583 12824 ! 000 8080

a. BB 1 Leh AR (%11

HitnFERENESRERBERE R TEREEE

H + FEIE
REFLE—EHEHRPSHE -
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» SPSSIRIED R Case Control Matching Statistics
> Bl {E@ D B R

Match Type Count
> H’ ﬁ'ﬁgi*ﬁ(},;ﬁ'ﬁ_k 1?@33 Exact Matches 34
> BHEEIR Fuzzy Matches 23
> IRELEER Unmatched Including 102
Missing Keys
Unmatched with Valid 102
Keys
Sampling without
replacement
Log file none
Maximize Matching yES
Performance

- ERER THHELE ., B34
-  THEHMIUCED , B23% - HUTAC R INS74
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» SPSSIR{ELER

> B 4 B B Case Control Match Tolerances

> BEBREERETRE st
Fuzzy Match Rejection

> BhiEEIR Match Variables Value Tries Percentage

> RERER Exact (All Variables) . 1968.000 898.272

PS 020 1934.000 98,811

Tries is the number of match comparisons before drawing.
Rejection percentage shows the match rejection rate. Rejections
are attributed to the first variable in the BY listthat causes rejection.

* EREER T LECEEE - £ "IREHE ) FITEC £ 1968K -
HNBL728%LEATI ; HERETT T HEMUITH
(BILEYERERN " HFEZ= 1 H0.023E1TUEL) -
HUTHC1934R - A9A1.189%ULECA I




UENE)

Jfic ¥ (PS matching) B9 B

X

» SPSSIF{ELER
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>

vV v v VvV
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7 i 7.00 3.00 1.00 .00 1.00

= 8 | 8.00 4.00 1.00 1.00 1.00

[ 9 | 9.00 1.00 1.00 1.00 1.00

0 | 10.00 1.00 1.00 00 1.00
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1.00
200
1.00
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1.00

200
1.00
200
1.00
2.00
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onl oy I
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.00 45801 6.00 164.00
00
00
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.00
.00
00
00

00

74225 .00 .
34274 2.00 192.00
63991 2.00 231.00
83766 .00 ;
74225 1.00 179.00
34274 3.00 189.00
63991 1.00 230.00
83766 .00 :
37515 1.00 213.00
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> SPSSIR{FLER
> Bl {Ems B R

> H’ ﬁ‘*%ﬁ*ﬁj’ﬁ E?ﬁﬁﬂ% \#® *PSM_Analysis.sav [Analysis] - IBM SPSS Statistics ¥ #8888
- WXE) SHE BV FHO BRD ARG BRG LARRLY EMY NEW REH
PhIsEIEE] .
> RS ECE -] XY EFEFEIN
> HFRER 4 IR | _. | | __ —
. £ Fezrp Fiun Fxmpe Sma  Fem L nERg & ps | Eligible_dl ¢ match_id
» ERERITEE | _. | | _ | | Ly |
1 90.00 1.00 1.00 00 1.00 200 00 37515 8.0( 160.00
> EREIE . ER-ENERE 2 | 16000 1.00 1.00 00 00 2.00 00 37515 160.00
9 88.00 1.00 1.00 00 1.00 2.00 00 37515 3.0( 161.00
> RBUCECRLINBYIDIER ; EHIA-FTEEE] 4 161.00 1.00 1.00 00 00 200 00 37515 161.00
5 91.00 1.00 1.00 00 1.00 1.00 00 45801 2.0( 162.00
» Sepk{EmERES VChD 6 162.00 1.00 1.00 00 00 1.00 00 45801 162.00
T 15.00 1.00 1.00 00 1.00 1.00 00 45801 1.04 163.00
8 163.00 1.00 1.00 00 00 1.00 00 45801 163.00
9 1.00 1.00 1.00 00 1.00 1.00 00 45801 6.0( 164.00
° E rmatch_ldJ Fﬁﬂiﬁ%%ﬁfﬂ ’ 10 164.00 1.00 1.00 00 00 1.00 00 45801 164.00
- -~ - 2 e
%}; rﬁiE;;FFiJ 1 94.00 1.00 1.00 00 1.00 1.00 00 45801 3.04 165.00
12 165.00 1.00 1.00 00 00 1.00 00 45801 165.00
° _ 13 | 95.00 1.00 1.00 00 1.00 1.00 00 45801 .00 166.00
%* yu ltt_a}z rmatch id 3 1@,’;}5? T 166.00 1.00 1.00 .00 00 1.00 00 45801 166.00
" - e [ 93.00 1.00 1.00 00 1.00 1.00 00 45801 7.04 167.00
tHFIﬁﬁﬁEE#TEEI}JEI’JIDﬁZIS ’ EEE BE 167.00 1.00 1.00 00 00 1.00 00 45801 167.00
1|;E|“‘_| L&n.n:l: \EEE R 89.00 1.00 1.00 00 1.00 2.00 00 37515 10.0 168.00
BED 168.00 1.00 1.00 00 00 2.00 00 37515 168.00
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» fic¥t ( matching )
» N#E ( weighting )

» 7IE ( stratification )

» JWEFFZEE ( covariate adjustment in regression model




faE o 8% (IPTW) BAE

PS weighting

* Inverse probability of the treatment (IPTW)
* Average treatment effect
* 1/PS in treated individuals
* 1/(1-PS) in untreated individuals

Jackson JW, et al. Curr Epidemiol Rep, 2017
Austin PC. Multivar Behav Res, 2011
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treatment=1(&/&E#H) —» EMINES 1-PS
treatment=0 (¥1884H) — £ RAAY PS
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*tEERE (f£FLogistic Regression)

SAS Z{EL R

/*IPTW*/
proc logistic data=data.arni f;
class sex dm htnmi af bb g mra g /* (ref=first)*/;

model gp new= age sexef final dm htnmi af bb g mra g /
lackfit; /*requests Hosmer and Lemeshow goodness-of-fit test*/
output out=data.out ps r2 prob=ps xbeta=logit ps;/*create
new data set: out ps*/
run; /*new variable: ps:propensity score
logit ps: logit of propensity score*/

data data.out ps r2; set data.out ps r2;
weight2 =.;

if gp new =1 then weight2 = 1/ps2;

else if gp new=0 then weight2 = 1/(l-ps2); run;




sTEEm{E (£ Logistic Regression)
R IBIESE

#Propensity score model

psmodel <- glm (gp_new ~ age + sex + dm + htn ,
family = binomial (link = "logit"), data =data_ipwt )
summary (psmodel)

#Value of propensity score for each subject
ps_w <- predict (psmodel, type = "response”)
ps_case <- cbind (ps_w, data_ipwt )

#E I TE A0 L{Bmissing data

#creat weights
weight_r <- ifelse ( ps_caseSgp_new == 1, 1/(ps_w), 1/(1-ps_w))
iptw_case <- cbind (ps_case, weight_r )

etwd("D:/BNEM RS/ PREME-E4/)\AH/ 2R B RERE-20220ct/1115F543/20221207
PS matching”)
rite.table(iptw_case, "iptw_case.csv", quote=F, row.names=F)
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Table 1. Effect of stratification

Propensity Score Propensity Score
. . Quintile Subjects Person-Years Quintile Limits Mean Min, Max
PS stratification
Temazepam 93,011 280,712 - 0.31 0.02, 0.97
Zopiclone 54 592 126,002 — 0.47 0.03, 0.97
Quintile 1
Temazepam 26,957 107,774 0,017 0.12 0.02,017
Zopiclone 2,563 10,409 0,017 0.13 0.03, 017
Quintile 2
Temazepam 22,402 79,934 0.17,0.30 023 0.17,0.30
Zopiclone 7,119 25,645 0.17,0.30 0.24 0.17,0.30
Quintile 3
Temazepam 17,833 47472 0.30, 0.42 0.36 0.30,0.42
Zopiclone 11,687 31,088 0.30, 0.42 0.37 0.30,0.42
Quintile 4
Temazepam 14,784 29 458 0.42 055 0.48 042, 055
Zopiclone 14,737 30,325 042,055 0.49 042,055
Quintile &
Temazepam 11,035 16,073 0.55, 1.00 0.64 0.55, 097
Zopiclone 18,486 27,635 0.55, 1.00 0.66 0.55, 0.97

Arbogast PG, Seeger JD. Summary variables in observational research: propensity scores and disease risk scores.




PS stratification

* Advantages

* Transparency in that balance on covariates achieved through use of the propensity
score can be shown explicitly when using stratification.

* Many readers of the research result will either be familiar with the technique of
stratification or find it easy to understand so they can follow what was done and be
able to better interpret the results of the analysis.

* Disadvantages

* In order to be transparent many tables may be required, making for a potentially
unwieldly presentation.

* Residual confounding within strata may cause bias.

Seeger J., Rassen J. Propensity scores in pharmacoepidemiology. ICPE MONTREAL, 2013.
Austin PC. Multivar Behav Res, 2011




What PS cannot do

* Only unbiased as the predictors included in their calculation.

* When improperly modeled, PS cannot provide unbiased estimates of
treatment effects.

* Do not inform the research about the effect of any individual variable that
was used to create the score.

* Change from sample to sample and will vary with any change in the
variables used to calculate them.

B A A EC 3 2 IPTWRY A TN A T AR Uzl +18 -
BEREEEREBIREE - EEEZE 7 mANFEE
BRAKHFEEREE > BEA LR

TEAZLEERAPSHEER - BEXWMOES W

Beal SJ, Kupzyk KA. J Early Adolescence, 2014




RCT vs. PS matching

* Differences

* Balance is by construction, not by design.

* Balance 1s only among the measured covariates.

* No balance among unmeasured covariates 1s implied.
* Similarities

* Can be treated analytically like an RCT.

* Equivalence at baseline like an RCT.

Seeger J., Rassen J. Propensity scores in pharmacoepidemiology. ICPE MONTREAL, 2013.
Previous lecture powerpoint by Dr. Yeh.




Thank you for listening
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