Mo s BNEFRETREFL LAY
ERLEXFEL EkR

#243 Cochran & Chambers (1965)% & #% 1! L% 4.8 7 (observational study)
P RZBETWIRBE ARG PR - FBFIFRERRAET D
¥ % B % (cause-and-effect relationship)2. # 3 ; % Guo & Fraser (2015)3% ¥ ~ #&
DEEFEFT G S BAFE (- BRZREF T M5 vk (treatment effect) >
BOERZHEFL TR £00d i ks ko P aEEFEFTF LTHE
R EREDRLT %‘%%%ﬁﬁ%%?ﬁﬁ$0ﬂ1§ﬁ“ﬁw’ﬂﬂﬁgﬁ
FA A SRR B bl BBRATE B nh T R A Bk k o B kS
LR e (randomlzatlon)#ﬂ PGREG Y, B AR BER] A vl B A of B e A i) 4 4
14 (baseline characteristics) ¥ it £ F{L{x B M g =3 A joprck g3 T o
PRI EF R RERE > A AT B §LIp A AP akin s Bop Bk
i&‘%?*@%?'}ﬁﬁmi{ﬁﬁi ST (G @ Jpalgre g A F
TP ie* )E FF B E > 7 confounding by indication F* 48 0 F]pt & fiE

ik BRART ] 0 S T R R sgock R B

= TE LA T i £ (bias) 0 & R B 3 B E GUR § cPpe $(match)
& K (stratification) ¢ 3% % (adjustment) % &% + 3£ 72 i (confounding effect) ; &%
P EREAAR T T EFRF AN I AR S s Kop R F
% 1§ ¥ v & fc(propensity score, f FPS)iE & {7 P i d|F 4 2 i&l%‘-"ﬁf A oo
PS # % ¢ Rosenbaum & Rubin ** 1983 # % ! > 1 & {82 £ B+ 3 514 (I
AR R EOE R S - BFE o BRI ETHLPS VO EERS e
B ipR” T At o PS Bl AR < AT g A v F DT A AR o 52 IRP
AT EFH AT AR R @460 % ¥ I8 (primary outcome variable) Yi - & &
#p % fi(binary variable) ™ A~ 2 F Y= &2 =0)F 2 F # > "Xt L 5 E ¥

B HA AN (x_1pcb B, X=0% Avj 2 w)y Z,.,2, 5 k BEFL :’ﬂ-l#él’]

1



% s PS ¥ I * BiEarw b7 (logistic regression)
logit(P(X =1|Z,,...Z,) =¥, +Z 7Z, 5t

G 8PS A [L+exp(~(Fo+ Dy FZO B P FoFi B b Gl
WSS EOM T T L EATIE G A P 8 (7 PS 2 3 o AL SAS it eh
proc logistic 3% /% > Stata #t %8 c9 logistic 3%/ > R #t#8 e glm 3% 72 ¢ & Z_family
= binomial > % Ar it — b e, ¥ E A & (9 PS 4 i 0 Stata $ic 88 £ pscore (Z
B 3% ;2 Vssc install pscore” p (7 & K )T BT PS A i, BHE A B A

Zy,, 2 A FAPIT > & AR fcAl P PSAgraphics(F p 17 T 40 £ )T k&

L PS ALAE 1 i o

WL EFSRFPAL R Y PSS FIEFR i R M e AR
(Gayat et al. 2010) > PS ¥ £ s fie ¥ ~ & & ~ 33 F5 % 4o (weighting) & 2 f& > 2 &

Je 2+ 3 »x i (Faries et al. 2010) » i i 4o -

(1) @& * PSPy T 5 PS-M i2)pF > S ikdpri #F 2 PSS A2 § 0
BF PR - 4 PS 4o 0.01 2 & 1ogit(PS)e7 0.2 BHRE L hfeFlp » ive Bl
EPHEATAPS S HRYE BB IHETES B PS A7 LF A S B
¥Fiadf 2 2 BT 6 psd > FtgEA M bl A > FAG
S AR A B S L ERIEHE R A PS-M E ek
4t § UG vl Bl eng s > PR % chin i 7<% (average
treatment effect for the treated, #§ f- ATT) o ™ Seeger et al. (2005)~ & 4 47
% E L g ST R D TR B 1% B4 52 B4R TR S PS i
PO FR (A G P e e AT 2 ) PS-M R IR 5 g B § i
VUi % 4 B & ¢t (hazard ratio, HR=0.69, 95% C1=0.52-0.93)» &2 & i& {7 PS fie
Hens 45 % % (HR=2.09,95% CI=1.58-2.76)F 4p &+ eni % > B L * & &7

oLt g § R NS HIR T A . 5 PS-M 2 # 50 1§ E_Stata



$ %8 ¢ psmatch2 » R $it %8 < Matchlt & & » 3} HEGEAET P A5

ok
= °

QPS> FiEfa AR A 4r( T FHE PS-Si2) > e * PS 220 ~ 40 ~ 60 -
BOF A ki AL X S K HHEE I FETABRENT R BE S
ek e 75 R B B et 2 9 DMy Bk dhfe it ) B2 AR PS-S i
Vigh 2Rk A > R APSEEEAMRLAAELETS Bk A T

SRR 9 Vi N Bk B iE oo

(3) FI* PS A fEeni®i Rl AR B ik fF A 47 en o (0T AL S PSR 2 ) #- %
RV RLF B BEYEE Y EZ % XEPSE (h4sPS B E
YPSE B E) BEPSE R XEY fpkift  PS-REFNTE
2 logit(P(Y | X,PS)) =a+ B,X + 3,PS ° % Stiirmer et al. (2006)% & ® 4% 2003

ERVE TRt PS = /£ mv[;k’;ﬁ’ﬁ;PSR/z*}’@ m‘}’ﬁjf;’fg_
(lOg It(P(Y | X Z)) a+ﬂlX +z ﬂH—lZ )ﬁ fé"’ PES L"rlvb e % = “‘Lf"'% T4

N - RN A B 7 - RefiAe 1w PS-R 2 g 3 % v ik = (Faries
et al. 2010) o 8@ » PS-R ;& mlﬁ%q—\ 1 ’}'3_ /F‘ F\ » mﬁzp%$ %ﬁil]}ﬁﬁ;bl‘ # e
FFHCA 0 1 0 BT A B £ 3 F 4 47 ¢hiEsK (assumptions) > @ T PS 5 3t A

% % 7] model misspecification 1§ 5 (Faries et al. 2010) -

(4) K’% Wz A IEE PSS T A fES (0T AL S PS-W )i (73R FE e
Fodle 7 B fAf * i 24 % - fAfL 1T weighted by odds # - &
standardized mortality ratio (SMR) weighting > i 28 e ;2 8 #vf, Z 0 £ K 5
Lo Avg EFefE £ 0] 5 PS/(L-PS) » et amk 2 387 fphe F chip
Jyx 2% (7 ATT) 5 % = f84L (% inverse probability of treatment weighting( f§ £
IPTW) > ve #24#E 3K 5 1/PS » Avi e & R 5 1/(1-PS) » 24k a7

3

T FNF R - BOEFT 390 o % (average treatment effect, #§ £ ATE) o



MEPEIIELETEETE RS SRR £ TLEER

17 Bt Eamek o

Ali et al. (2015) 2 PubMed # 33 2011/12-2012/5 8 B & 3+ 296 & %5 g2 /I% i
* PS 2% 0 PS-M B H A€ * (68.9%) H=xi& A 5 PS-R;%(20.9%) PS-S
2(13.9%) % PS-W ;2 (IPTW, 7.1%) ° & Sujtw Bg < }I%J’ pdie a7 e PS 2™
FrARY B3 % %2 F 7 F ; Dahabrehetal.(2012)f]* Medline % 39 2011/2
ran g * PS LR T 7 8 7 & 15K # %R i ¥ (acute coronary syndrome)
50 g e [;k T {7 & E WL 457458 % (randomized controlled trial, # A
RCT) 1/ Wb fie s —%‘ s ;i..‘é‘—;—%—%‘—t’i 20 > 29 5 18 @ * PS-RZeh™> 2 >
" PS A B3t §0r RCT h @ 2linf § sesnig o 4 0L § F Rich
»c% o @ Zhangetal. (2014) 2 PubMed & 3§ 2013/4 = :e‘_:}i%ﬁ BREL o £3220
foig® PSehe g d 14 B % PS-M 2 o R & £ S RCT % - o & I
PS F3tehit % F @t RCT A 2 @55k F sechi % o 4 ;I.wj;g EREET

EEE

F AR Aeie 4 Y L3l @ (effect size) 1 2 TR edF R B &
e Rk s B RE R %‘f % Peter Austin | * %2/~ 7 =% + it w §8 PS
R T EY LicB@ER R TIRIT0SE AT LS RAF LT EHS
BiT025)enF A > AW wm e Pk E 5 b "k £ B (risk difference, # i
RD) ~ 48 $f b *& (relative risk, f§ #£ RR) 14 % 2 ¥ vt (odds ratio, f§ # OR)4 IR
(Austin 2007; Austin et al. 2007; Austin 2008; Austin 2010)> 2 » OR # Z Marginal
OR % Conditional OR  #& > Marginal OR % # #§ - }3(population-average) »< & >
7 ey B 4 2 % F 2 2. OR ; Conditional OR % 1% %8 & =< (subject-specific) s
o mwLTH B ERRERT oL EF AR5 T 22 OR (Austin 2007) © )F*J%t’
e Btk endp ke 7 i A (bias) ~ 57 ¥(mean square error, MSE) ~ 95% CI

% # ¥ (coverage probability of 95% CI) % ; Peter Austin f-# § L % % %38 cype/n

4



Tor AR PSEEF I IURES R Bk AL 2B A G
marginal OR p¥ 12 PS-M /% % B 0 2 & 3* conditional OR 2= S T IR EF:

> A TREF JRD et PS-W £ B i o

3B PSM i e FALUT LEBEF LHREMF T f &L LS
kBB RRFARBR G R o Desaietal (2017) #* F b4 47 2 s
L B F LR R(0.5%-1%)PF i S & PS-S i B e i [F 544 VR
R EREA AT REFRAE fF R RTARL R LR B
g\i#ufpbg(%%)rﬁ@ A A PSA AL e £ 139570 2 chPS i {7 PS-S
A 50 m o SRR Al Bl 2 PS A il A T i 50 B B e
AL R FHF - A (¢ g BEHE A FR)RIEEoRR R 0
ERTLELL DA EFE L=GRe B VR FF 0 b)/GRehr Fy
*¥g %‘J?ﬁ b)) o S PEA S ijﬁa{SMRweighting v fE PR gt ATT - iF
H

= H SAS F 2 At =k http://www.drugepi.org/dope-downloads/ > 3% —*ﬁ =

FRABT A FALAMER A ERR AR 2D BNEL I FRES

T2 Ay L2 gt 258V PS-M 2 ~PS-Ri# ~PS-Si2 2 PS-W’/EH;ZJFT},@@

7

B LR BHER LR A2 UP I FRLALEFD LR

I A

References

1. Austin, PC (2007). The performance of different propensity score methods for
estimating marginal odds ratios. Statistics in medicine, 26(16), 3078-3094.

2. Austin, PC, Grootendorst, P, Normand, SL, Anderson, GM (2007).
Conditioning on the propensity score can result in biased estimation of common
measures of treatment effect: a Monte Carlo study. Statistics in medicine, 26(4),
754-768.

3. Austin, PC (2008). The performance of different propensity-score methods for
estimating relative risks. Journal of clinical epidemiology, 61(6), 537-545.

4. Austin PC (2010). The performance of different propensity-score methods for
estimating differences in proportions (risk differences or absolute risk
reductions) in observational studies. Statistics in medicine, 29(20), 2137-2148.

5


http://www.drugepi.org/dope-downloads/

10.

11.

12.

13.

14.

15.

16.

Cochran WG, Chambers SP (1965). The planning of observational studies of
human populations. Journal of the Royal Statistical Society. Series A (General),
128, 234-266

Rosenbaum PR, Rubin DB (1983). The central role of the propensity score in
observational studies for causal effects. Biometrika, 70, 41-55.

Seeger JD, Williams PL, Walker AM (2005) An application of propensity score
matching using claims data. Pharmacoepidemiology and drug safety, 14: 465—
476

Stiirmer T, Joshi M, Glynn RJ, Avorn J, Rothman KJ, Schneeweiss S (2006) A
review of the application of propensity score methods yielded increasing use,
advantages in specific settings, but not substantially different estimates
compared with conventional multivariable methods. Journal of clinical
epidemiology, 59(5), 437-el.

Gayat E, Pirracchio R, Resche-Rigon M, Mebazaa A, Mary JY, Porcher R
(2010). Propensity scores in intensive care and anaesthesiology literature: a
systematic review. Intensive Care Med;36(12): 1993-2003.

Faries DE, Obenchain R, Haro JM, Leon, AC (2010) Analysis of observational
health care data using SAS. SAS Institute.

Seeger JD, Williams PL, Walker AM (2005) An application of propensity score
matching using claims data. Pharmacoepidemiology and drug safety, 14: 465—
476

Ali MS, Groenwold RH, Belitser SV, et al. (2015). Reporting of covariate
selection and balance assessment in propensity score analysis is suboptimal: a
systematic review. Journal of clinical epidemiology, 68(2), 112-121.

Dahabreh 1J, Sheldrick RC, Paulus JK, et al. (2012). Do observational studies
using propensity score methods agree with randomized trials? A systematic
comparison of studies on acute coronary syndromes. European heart journal,
33(15), 1893-1901.

Zhang Z, Ni H, Xu X (2014). Observational studies using propensity score
analysis underestimated the effect sizes in critical care medicine. Journal of
clinical epidemiology, 67(8), 932-939.

Ross ME, Kreider AR, Huang YS, Matone M, Rubin DM, Localio AR (2014)
Propensity score methods for analyzing observational data like randomized
experiments: challenges and solutions for rare outcomes and exposures.
American journal of Epidemiology, 181, 989-995.

Desai RJ, Rothman KJ, Bateman BT, Hernandez-Diaz S, Huybrechts KF (2017).
A propensity-score-based fine stratification approach for confounding

adjustment when exposure is infrequent. Epidemiology, 28(2), 249-257.



