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Cepeda MS, et al. Am J Epidemiol, 201
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Variable Selection for PS Model

= Method used for variable selection

= Whether empirical knowledge was considered

= Whether vanable’s association with treatment
and/or outcome

Propensity Score Estimation

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

= Vanables and/or mteraction terms included in the
PS

v

PS Matching

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

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

= Number of patients at the start and after
matching.

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

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

= Balance of Covanates between matched

Applying the PS methods groups.
= Type of PS method employed. PS Adjustment
= Overlaps of the PS distribution between
treatment groups. *
l = Whether linear relationship was checked
between outcome and the PS,
Balance Assessment
- Balance measurc used. PS Stratification
- Quantifying the balance and whether imbalance on = The quantile used for stratification,
covanates was detected after the final PS model. = The overlap of PS with quantiles of PS using
plots or balance measures.

W

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

- Balance of covariates with in quintiles of the
PS.

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)

PS Weighting

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

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

= Whether weights were truncated and method
used.

= Balance of Covaniates in the weighted
sample groups.

Ali MS, et al. J Clin Epidemiol, 2015



TriNetX: Analysis Process

Event Incidence
Analysis

Survival Analysis

Perform (Kaplan-Meier)
Propensity Score
Define Cohorts Matching (PSM) Export Results
| Hazard Ratio
- Matching ratio: PS 1:1 Estimation
- Balance check: (Cox Model)

Standardized: Mean

Difference (SMD) <01 Event Count /
Note: p-value not Lab Distribution
used as a balannce

criterion




TriNetX
Propensity Score 1:1 Matching

Cohort 1 and cohort 2 patient count before and after propensity score matching

Cohort Patient count before matching Patient count after matching
1-ASGLT2i 32,945 17,011
2 - B Non-SGLT2i 306,847 17,011
Propensity score density function - Before and after matching (cohort 1 - purple, cohort 2 - green)
30: 39:
Cohort 1: SGLT2i
Cohort 2: Non-SGLT2i
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TriNetX

Propensity Score 1:1 Matching Balan
SMD <
Cohort 1 (N =17,011) and cohort 2 (N = 17,011) characteristics after propensity score matching
Demographics
Cohort Mean + SD Patients % of Cohort P-Value Std diff.
1 68.4+/-7.9 17,011 100%
) Al Age at Index 68.4 +/-7.8 17,011 100% 0.611 0.006
1 5,226 30.7%
F F I ’ 0.144 0.016
2 emale 5,102 30.0%
1 . . 1,843 10.8%
5 2054-5 Black or African American 1810 10.6% 0.563 0.006
Diagnosis
Cohort Mean £ SD Patients % of Cohort P-Value Std diff.
1 Essential (primary) 15,073 88.6%
2 110 hypertension 15,107 88.8% 0560 0.006
1 . 702 4.1%
5 115 Secondary hypertension 705 4.1% 0.935 0.001
L g membolmandother 14659 86.2%
2 . . 14,680 86.3%
lipidemias
1 N1S Chronic kidney disease 6,140 36.1%
2 (CKD) 6,022 35.4%




After Propensity Score 1:1 Matching

The Journal of Clinical Endocrinology & Metabolism, 2024, Vol. 00, No. 0

Table 1. Baseline characteristics of the study cohort before and after propensity score matching

Variables Initial group Propensity score-matched group
SGLT2i Non-SGLT2i P-value SDM SGLT2i Non-SGLT2i P-value SDM
(n =32945) (n =306 847) (n=17011) (n=17011)
Demographics
Age at baseline (years) 68.1+7.83 69.6+7.71 <.001 0.19 68.4+7.88 68.4+7.81 .61 0.006
Male, (%) 21666 (5.8) 175370(57.2) <.001 0.18 11007 (64.7) 11160 (65.6) .08 0.02
Race (n, %)
Asian 1044 (3.17) 9188 (2.99) .08 0.01  570(3.35) 560 (3.29) .76 0.00
White 22932 (69.61) 209219 (68.18) <.001 0.03 11746 (69.05) 11880 (69.84) .11 0.02
Black or African American 3547 (10.77) 37918 (12.36) <.001 0.05 1843 (10.83) 1810 (10.64) .56 0.01
Native Hawaiian or Other Pacific Islander 269 (0.82) 2528 (0.82) .89 0.00 161 (0.95) 155 (0.91) .73 0.00
American Indian or Alaska Native 88 (0.27) 863 (0.28) .64 0.00  401(0.24) 32 (0.19) 35 0.01
Unknown race 4393 (13.33) 41326 (13.47) .50 0.00  2310(13.58)  2245(13.2) 3 0.01
Other race 672 (2.04) 5805 (1.89) .06 0.01  341(2.01) 329 (1.93) .64 0.01
Underlying diseases (n, %)
Essential (primary) hypertension 28 855 (87.59) 260692 (84.96) <.001 0.08 15073 (88.61) 15107 (88.81) .56 0.01
Secondary Hypertension 1389 (4.22) 11 687 (3.81) <.001 0.02 702 (4.13) 705 (4.14) .93 0.00
Hyperlipidemia 28251 (85.75) 238857(77.84) <.001 0.21 14659 (86.17) 14680 (86.3) .74 0.00
Chronic kidney disease 11027 (33.47) 115271 (37.57) <.001 0.09 6140 (36.09) 6022 (35.4) 18 0.01
Medication uses (n, %)
Oral hypoglycemic agents 28498 (86.5) 145923 (47.56) <.001 0.91 12564 (73.86) 12904 (75.86) <.001 0.05
Metformin 20599 (62.53) 115726 (37.72) <.001 0.51 9975 (58.64) 10 289 (60.48) <.001 0.04
Glipizide 5776 (17.53) 34654 (11.29) <.001 0.18 2788 (16.39) 2899 (17.04) 11 0.02
Sitagliptin 6146 (18.66) 25535 (8.32) <.001 0.31 2773 (16.3) 2858 (16.8) 22 0.01
Empagliflozin 11828 (35.9) 0 (0.00) NA NA 1447 (8.51) 0 (0.00) NA NA
Dapagliflozin 6161 (18.7) 0 (0.00) NA NA 790 (4.64) 0 (0.00) NA NA
Canagliflozin 4110 (12.48) 0 (0.00) NA NA 1046 (6.15) 0 (0.00) NA NA
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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 5 3
IPTW 21 (7.1) 15(71.4)
Mixed"” 26 (8.8) 18 (69.2)

Ali MS, et al. J Clin Epidemiol, 2015.
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» Bc¥ ( matching )
» NN#E ( weighting )

» 7B ( stratification )

» {EEFREE ( covariate adjustment in regression model




Propensity Score Matching

N of subjects N of subjects

Never treated
1

Never treated Always treated
'

Always treated I
1

0 0,5 1 o 0,5
Exposure propensity score Exposure propensity score
Ss—  y Treated subjects s— Treated subjects
= w= ==  » Untreated subjects @== @ == » Untreated subjects
Before matching After matching

Patorno E, et al. Epidemiol Biostat Public Health, 2013




Propensity Score Matching

> B
AR BT A K A 458 s g ] o PSME #t vk B o T
23

> XE R i @»"itﬁpé%%?“ﬁmﬁﬁ’* (l.e. ZM - EhA &
kN PG )

> 3% Bk
PR A F S A B dlE > mi RS S RG DB
Flpt suit e €24 (Power) T % (i.e. € F




7 B ¥ (PS matchmg) A

S
At
S

@T@&*m’iﬁﬁﬁﬁ%uf o &

> BARITT g (Nearest neighbor matchmg r. Greedy matching) :

IDRCE A ¥ L_*ifP@ Y HFH - BN BEMES EAPRFSAPIT

Sk AT 5 it % 0 A& =0 ehSPSSE B P :gﬁe’% O ARIPE:

&z 7 pe(Radius matching) PR T - BAER (- B®RE - 43

e @AREL e 2 - ) TRFHRETLS EEEHREELS

Bz ARP R 7R

» 47 ft (Kernel Matching) :@ "M Mi=s 7 ez 7 fe i !
W BT R BRRE L FEROREL > aEERT I PEt

2B
Al

v




Mmoo ERINIERE R A I

» Bc¥ ( matching )
» IN#E ( weighting ) : IPTW

» 7B ( stratification )

» {EEFREE ( covariate adjustment in regression model
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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(&8&4) - EFN#E S 1-PS
treatment=0 (¥78848) — &FIRAH PS

] Unadjusted sample l Overlap weighted sample C Balance across ACE! vs no ACEI
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» Bc¥ ( matching )
» NN#E ( weighting )

» I ( stratification )

» {EEFREE ( covariate adjustment in regression model




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 47,472 0.30, 0.42 0.36 0.30,0.42
Zopiclone 11,687 31,988 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 0.42, 055
Quintile 5
Temazepam 11,035 16,073 0.553, 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
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» Bc¥ ( matching )
» NN#E ( weighting )

» I ( stratification )

» {WEFFAEE ( covariate adjustment in regression model




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.

BEE

ZEAHE : ESMHEM
B oA IR B IPTWAY S AT A IR 5 T48 - Ps BEZHEM - IR
BEEseRREELRD  BEYE T RANTE
RAAMIEERRE > BERLE

FEAZIERAPSHER - BEXMOEDH

Beal SJ, Kupzyk KA. J Early Adolescence, 2014




RCT vs. PS matching

* Differences

* Balance is by construction, not by design.

* Balance is 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.
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R st & {E[a{E (£ ALogistic Regression)

R T;T:-: 1,E ij m'gl'%

R R R
# 3. 323 PS model ( treatment + baseline covariates )
R R R
# gp_new = 1 (treatment), 0 (control)

ps_formula <- gp_new ~ age + sex + dm + htn + mi + af + mra_g
ps_vars <- all.vars(ps_formula)

HEHH R R R R B B AR R S R R AR R R SRR E R R
# 4. PS DT FBY complete-case [RIGE R
HEHH R R R R B B R AR S B R AR R R SRR B R
# RFBR PS covariates AR EAEZE
#iE—P2 "RBENEE, - A2 matching
dat_ps <- dat_raw %>%

filter(complete.cases(across(all_of(ps_vars))))

IR R R R R R R R

IR R R R R R R R

HH R R R R R
#5. 1:1 &#5 PS matching ( A matching 247 )
HEHBH BB AR AR R A R AR AR RS
m.out <- matchit(

formula = ps_formula,

data =dat_ps,

method = "nearest”,

ratio =1,

caliper = 0.2
)

dat_matched <- match.data(m.out)
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Kernel Density Distribution of Propensity Scores
Before and After Matching

Kernel Density Distribution of Propensity Scores
Before Matching

Kernel Density Distribution of Propensity Scores
After Matching
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RETElE[E{E (ffF FLogistic Regression) —
After matChi ng Absolute Standardized Mean Difference : ASMD

Covariate Balance

distance ]
age
mra_g
Sample
SEX
== Unadjusted
htn —— Adjusted
dim
mi -
af -
0.0 0.2 0.4 0.6

Absolute Mean Differences
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TABLE 1. Baseline characteristics after propensity score matching

<0.10

Total cases | Non-SGLT2i | SGLT2i Balance assessment:

(N=2430) (N=1620) (N=810) P-value Standardized mean difference

Before PS After PS
Age at baseline (years) 65.9+6.72 65.9+6.72 65.9+6.72 >0.99
Men (n, %) 1386 (57.0%) 924 (57.0%) 462 (57.0%) >0.99 0.17 0.00

CHA,DS,-VASc at baseline 1.85+1.04 1.83+1.04 1.88+1.04 0.34 0.06 0.04

Charlson comorbidity index (CCl) 1.58+1.35  1.57+1.41  1.60+1.22 0.58 0.04 0.02
at base line

AF ablation (n, %) 54 (2.22%) 22 (1.36%) 32 (3.95%)  <0.001 0.18 0.16
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» NN#E ( weighting ) : IPTW

PS weighting

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




RETE{tEE{E ({FHLogistic Regression) — IPTW

= HEHBH B R AR
R IE{EZZER  #9. 5 IPTW (unstabilized + stabilized )
HEHBH B R AR
#IFIBERE
dat_psSiptw <- ifelse(
dat_psSgp_new == 1,
1 / dat_psSps,
1/ (1 - dat_psSps)
)

#ISTERSE (EEWXER)
p_treat <- mean(dat_psSgp_new == 1)

dat_psSiptw_stab <- ifelse(
dat_psSgp_new == 1,
p_treat / dat_psS$ps,
(1 - p_treat) / (1 - dat_psS$ps)
)

R R R
#10. IPTW balance ( ASMD )
R R R
bal.iptw <- bal.tab(

X = ps_formula,

data = dat_ps,

weights = dat_psSiptw_stab,

method = "weighting”,

estimand = "ATE",

PS weighting

un = TRUE
)
love.plot( 13
et o * Inverse probability of the treatment (IPTW)
threshold = 0.1, * Average treatment effect
abs = TRUE, . LI
line = TRUE, * 1/PS in treated individuals

var.order = "unadjusted”,
stats = "mean.diffs",
colors = c("grey50", "black”)

* 1/(1-PS) in untreated individuals
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Absolute Standardized Mean Difference : ASMD

Covariate Balance

age
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X Sample
hitn —*=  Unadjusted
dm- =+ Adjusted
mi -
af
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Absolute Mean Differences
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» SPSSIRIEL IR

» TESPSS 19hRIATE - ol IR SMEI A NESPSSH £ FHPSMINAE
> TESPSS 21hRIATE - OILITEINAER "Eidl ., TEEA " @D EEE

[ I8 ]

FFREREEER "I58E, (1: 18 - 0,; AIEH)
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» SPSSIE{EL IR

BXE @HE SRy |- TREEATU. LRERL) EMN) REW REE
=22y | 2 BETSHOMBAEWL). -
> HR-RE R E i @ i Iz HEEHABC). . &l EE u.#Q[
4. | R IEEITERE
#0 | |Resamosne.  Pmm | Soem Illmx\._ !
1| 100 | oo e s R0 1.00 100
2 | 2.00 1.00 2.00 00
| wau » |
3 | 3.00 s I 1.00 1.00 00
4 | 400 |[=° 1.00 2.00 00
5 | o0 | MO RBRTERED. 1.00 1.00 00
6 6.00 | T HEEHEE).. 1.00 2.00 00
7 | 700 |7 HESERSFQ). 1.00 1.00 00
8 | 800 |EEwwesmE). 1.00 2.00 00
9 900 |eogymay. 1.00 1.00 00
10 LU P TR— 100 200 00
1 11.00 & : 1.00 3.00 00
2 | 12.00 1.00 1.00 .00
1| 1300 |PRREE.. 1.00 2.00 00
BT 1400 | B SRHIGE.. 100 1.00 00
15 1500 |EdHASEHE.. 1.00 1.00 00
I 16.00 | B WER(EENIALLH 1.00 1.00
7 | 17.00 | Bk BIKA).. 1.00 1.00
B 18.00 EIRIH) » 1.00 1.00
“n 1 4n AN o 4 An 4 An
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> SPSSIR{ELER
> ER-IEE S BEHE
> BRBRERRETRS
> BHEEEIE

| @E=ss
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» SPSSIE{ELER FALS Py
» Bl (EED BB B SE. Wald Gl | EEH Exp(B)
_ WE1* R -.241 142 2874 1 090 786
57 424 ’ 1 )

> BEHRERKETEER bR -1.675 355 22212 1 .000 187
p EHEEETR TP 1.809 370 2393 1 .000 6.106
BMI -342 232 2167 1 141 710

> HERER : - ~ ~ - - ~
(8 3 585 410 2.036 1 154 1.795
W 2.089 583  12.824 1 .000 8.080

a W1 L ANYER : [%1:,1:

*ERUTISHE ) (1REH ; 08AEHE) 1’E753F:2§i ’
HttFERENESIFRBSEREEEDR . Ut
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» SPSSIR{ELER Case Control Matching Statistics
> BER{E@E D ¥R

Match Type Count
> HEHRBERKRETRE Exact Matches 34
> FhEEIE Fuzzy Matches 23
p IRFELEER Unmatched Including 102
Missing Keys
Unmatched with Valid 102
Keys
Sampling without
replacement
Log file none
Maximize Matching yes
Performance

- LRER TISELE , B34
-  TIEHMAUCED , B23% - HUTACRINS74
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» SPSSIRIED AR
> ER-IEE S BEHE

Case Control Match Tolerances

> BEBIRERRETRE RIETHEN
Fuzzy Match Rejection

> BhiEEIR Match Variables Value Tries Percentage

y ELR Exact (All Variables) . 1968.000 98.272
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 firstvariable in the BY list that causes rejection.

* ERENTCECBIE - £ "5, A Y1968
WNHEL1.728%LEKI ; #HEBET " EMITE
(BIUEWERER "THFEZ=, 80.02:&TTE) -
HUTAC1934K - 9B 1.189%LEC A1) -
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» SPSSIE(FL R

>

vV v v v

=
Biftl—{Em o g ¥R
424 ==
BEYBIEE K ETIRR
BRI |
" oo [ o om0 | o e T R
4+ ases
$I§%¥n\ﬂ % 1 1.00 1.00 1. UL'I 1. ﬂﬂ 00 45801 6.00 16400
/ ply i 2 2.00 2.00 1.00 1.00 1.00 2.00 00 T4225
CEREBIIESR
3 3.00 3.00 1.00 00 1.00 1.00 00 34274 2.00 192.00
4 4.00 4.00 1.00 1.00 1.00 2.00 .00 63991 2.00 231.00
L] 5.00 1.00 1.00 1.00 1.00 1.00 .00 83766 00 }
] 6.00 2.00 1.00 1.00 1.00 2.00 .00 T4225 1.00 179.00
T 7.00 3.00 1.00 .00 1.00 1.00 00 34274 3.00 189.00
8 8.00 4.00 1.00 1.00 1.00 200 00 B3991 1.00 230.00
9 9.00 1.00 1.00 1.00 1.00 1.00 00 83766 00 .
10 10.00 1.00 1.00 .00 1.00 2.00 .00 37515 1.00 213.00

Jfc ¥ (PS matching) YD B2

*EENERNESS 7 ZE 2R EANFTEE -
"PS. BER LAMEEERFE LA RS ;
"Eligible_cases s RNHRABEBETSIRGNEREHRR ;
"Match_id . R/RITECAAIARIID -
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L ERBENEVY).

» SPSSIR{ELER

ARERY #eY MWSW NER
<IN oy 2 WEFHOBRANEWL). Al = |
> ER-EES BLHE i B A B 0
. e R PRSI E
 BEMREERETRE ey S ——
> ERHIEEIR o ol 1.00 1.00 00
"o % 1.00 200 00
4 SRR E W) = = =
> *ﬁ % nEa % n e — s pe
> ULECIEBRIIEZE T, BB E) 0 100 100 00
- 5 SERENFQ)... 1.00 2.00 .00
> IEREIE . BN -ENEEE . 100 100 00
— 0 1.00 200 00
1.00 1.00 00
ER P 1.00 200 00
oozt ' 1.00 3.00 00
AR 0 1.00 1.00 00
£ tsimon. 1.00 2.00 00
Bl masesin 1.00 1.00 .00
B e mEnaLEy 1.00 00
B BRA) 1.00
ESRIH) » 1.00
| @ ansEx 199
T MUAHRD)
B ATNRE).
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» SPSSIR{ELER

—_— PN N it
> Bl —{EE 5 B R T [
> BEEIRBERETRS $;; ® MEREERHO)
> BREEEIE & wi i oo
& B (5]
> HRER & em B3(S)
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» [CECERIIES 2 TR FS) om EREE)
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> SPSSIRIED AR
> RS R

{ o ¥ (PS matching) BYD B

» BRMRBERETRE i3 | [
> BHIEEIE
> RRER o | L«
> TR BAIIEEE 2% T EEE i
> HEREE R EDREE o wala Wele S
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» SPSSIR{ELER

>

vV v v v v v Y

Bl — {0 7 B R
H?ﬂ‘ﬁ;&*ﬁ},ﬁ 1?@3% A *PS b _Analysis.sav [Analysis] - IBM SPS5 Statistics ¥

BRE REE #0Y FHD BRO SEFR W[ﬁ) LAEALY Ee) HEW BRAQ

RIREIR EREY- -] T Y EFrEY

e — : 1] |
PP . - | | I
. £ ez Fun Fxme Lo Fem  F mERs #ps Eligible_d| ¢° match_id
USRS OL | " | | " | | - |
1 90.00 1.00 1.00 00 1.00 200 00 37515 8.0( 160.00
B . SN -ENEZEE 2 160.00 1.00 1.00 00 00 2.00 00 37515 160.00
3 88.00 1.00 1.00 00 1.00 200 00 37515 3.0( 161.00
R BUCE R IHBYIDIE . i ->STE S 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 2.04 162.00
Serk a4 EE 5 VCED 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 Fﬁikﬁ%%ﬁfﬂ ’ T 164.00 1.00 1.00 00 .00 1.00 00 45801 164.00
yBE I I[E $ii 1 94,00 1.00 1.00 00 1.00 1.00 00 45801 3.0( 165.00
;&}E iE HFFF_ J [ 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 5.00 166.00
% ymtt_,u rmatch idJ 1E§EE " | 166.00 1.00 1.00 00 .00 1.00 00 45801 166.00
Wt ae — .. e B 93.00 1.00 1.00 00 1.00 1.00 00 45801 7.0 167.00
tﬂﬁlﬁﬁlﬁﬁﬂi\]‘lﬁmﬂ’\JIDﬁzﬁ ’ 71:& 6 167.00 1.00 1.00 00 00 1.00 00 45801 167.00
ﬂ;E[EJ-L&LESFﬁV_'EEE o ELE 89.00 1.00 1.00 00 1.00 2.00 00 37515 10.0( 168.00
18 168.00 1.00 1.00 00 00 2.00 00 37515 168.00




SAS 5t&E 1 (£ FLogistic Regression)

SAS ZR{FD AR

libname data ‘r:\DZEFIH £4/0E\2RUBEEREZ 20220ct\ 111 EELNE2RERLE
B39\ 20221207 HBADEKIEA\PS matching'; /*IEIISASERIEx/

/*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 dm htn mi af bb 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*/




Creating Kernel Density Plot of
Propensity Score : SAS

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

title2 "Kernel Density Plot of Propensity Score";

data gp- PS-logistic regression model fitting
. — _— Kernel Density Plot of Propensity Score
set out ps(keep=gp new ps) ;/RIRAPSENEIR, KEBAHANG T ARMNBEURE/ 0 ' AR NomARN
if gp new="1" then ARNI=ps;
else Non ARNI=ps; =7

run; .
proc sgplot data=gp;
density ARNI /scale=percent /*HLUEEZIE: Count*/
type=kernel

legendlabel="ARNI' /*#HRIFETE*/

LINEATTRS= (COLOR=red); /*#RIEEEE~/
density Non ARNI /scale=percent " ° T ™ T )

type=kernel ' ' ' ' ' '

legendlabel="Non ARNI'

LINEATTRS= (color=blue) ; /*MAAREMAR (FEEIE) FE—IKEBER—FRE L*/
xaxis label='Estimated probability' max=1 min=0 ;/*XEiZHEERANE/NESWRE*/
yaxis max=30;
keylegend / noborder location=inside position=topright;/*sREMARIEEHIET/

Bak
@
1

Estimated probability

run;




SASEtE @B (¥ FLogistic Regression) — IPTW

SAS R{FL 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;
welght2 =.;

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

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




