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Abstract

The most representative design used in clinical trials is randomization, which is used to accurately estimate
the treatment effect. However, comparison between the treatment group and the control group in an observational
study without randomization is biased due to various unadjusted differences, such as characteristics between
patients. Propensity score weighting is a widely used method to address these problems and to minimize bias by
adjusting those confounding and assess treatment effects. Inverse probability weighting, the most popular method,
assigns weights that are proportional to the inverse of the conditional probability of receiving a specific treatment
assignment, given observed covariates. However, this method is often suffered by extreme propensity scores,
resulting in biased estimates and excessive variance. Several alternative methods including trimming, overlap
weights, and matching weights have been proposed to mitigate these issues. In this paper, we conduct a simulation
study to compare performance of various propensity score weighting methods under diverse situation, such as
limited overlap, misspecified propensity score, and treatment contrary to prediction. From the simulation results
overlap weights and matching weights consistently outperform inverse probability weighting and trimming in
terms of bias, root mean squared error and coverage probability.
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Table 1: Examples of tilting functions, targeted (sub)populations, causal estimands, and their weights

Target . Weights
. h(x) Estimand Name
population wi wo
Overall 1 ATE e(x)™! (1 -e(x)! IPW
Trimmed I,(x) OSATE I,(x)e(x)™! L(x)(1 = e(x))™! trimmed IPW
Treated e(x) ATT 1 e(x)(1 — e(x))™! IPW for treated
Controls 1-e(x) ATC e(x)(1 —e(x))! 1 IPW for controls
Overlap e(x)(1 — e(x)) ATO 1-e(x) e(x) Overlap weights
Matching u(x) ATM u(x)e(x)! u(x)(1 — e(x))™! Matching weights

I,(x) =I(a < e(x) < 1—-a), where 0 < @ < 0.5 and I(-) is the standard indicator function; u(x) = min{e(x), 1 —e(x)}; OSATE
= optimal sample average treatment effect.

BLATN A WASHE A7} a7 o= o] £A12 Ael] 919) B Aofstel A7} ATHE o 4
shotA Hrrd %15%3}% A Q1 A ¥ A 4(propensity score; PS) ®H o] 7] =] 1t (Rosenbaum}
Rubin, 1983). A3k A4 0] L35H 18 7t =% Tk B 7} #9(balancing)2 o] 1 EA =4
1A 21 2 15 AAS S S Bl 1 o A S 5 1 A9 A A
Ol EAIEE THEHol Fo S W A5 HE AR SER, FHH AT @#‘: 7+ 2] (weighting), 4 2]
(matching) & A|ZSH(stratification) & Z et chofFst v 0 2 Wk Q o8 A5l £ o As A= a7&
ZFA3lE = sttt (Freedmand} Berk, 2008; Stuart, 2010; Rosenbaum®} Rubin, 1985; Austin, 2008; Lunceford
9} Davidian, 2004). Z15ol A &2 A= ZF @27t PSO] 3kl wioll Qo) 7HEA]71 Fojx= 4% e
RS VAR A T8I Tl 150 UG LA FRL 0|RES ¢ H AT} ANE FEAT
2| of| = T 7}5X](balancing weights)g}t 1l 5= Ut Q1 B (class)7} 9o, Zt B EX 2 nych
(target-population)= AJ/dste] o] sligsh= 7t B A2 E1-5 7 4 Ut (Li 5, 2019).

7S QB A A AL 7S] W& o8HE 715X|(inverse probability weights; IPW) s o 2 1=
QP BATHE T 1] Al & gs}L o) A =] olubA o] 7 2d o] ok (Robins, 1986; Austin
I} Stuart, 2015). G 2H& 7HEA = WEE SO T‘ﬂ"ﬂg o 54 A= T Zﬁl“i— g2 qof ==
S1E EAE Bekaith e A4 BASta sk dloleel AR g2t 0 EE 10 ke FuAel
(extreme) A ot Holie 97} S, FTHAS) AT A48 o} 83 A2 HIE 54 9
2715 vh3 AR WEL, o]3 /1EA|9] FPL WL A7 AT 2GS PG 2 BE4o] B
Qo Qe 22| AL ASHAZ & AUtk At dlo]d Hue] Bdo] Zrbael uet ukael

AF ArE A Est7] St B AtellE Hes] & Badol "HTQE}(LI 5, 2019). o]2|jt #A|E s Est7]
A5 AF AE7t v =AY F-e FAE A 2 (discard)Sh= DAL 9 &HE 715X (trimmed inverse probability
weights; trimmed IPW) B o] A<= 1Tt (Crump 5, 2009). 5HA] 9 AAHPWE o] &5t HfHHLe 22 EQ Q
SHA Y e 22t AR E A LRttt “Zﬂﬂol ZA et (Lee 5, 2011). o] & Hebsl7] Sl A4 3
(clinical equipoise)Z ©]F+= AL HHEZE ot= F5 715X (overlap weights; OW)2} 2] 715-X](matching
weights; MW) HHﬂO] tieto 2 A ]EJ‘)*E]- (Li 5, 2018; LiQ} Greene, 2013). o] 2oz JEZ T 7}54]
(entropy weights), Z8 2] H gj|0] A 7}5|(calibration weights) 5 ThoFet Aok A4 7152 € o] 7ldt L7}
22 ket A oﬂE]J_ 9= ZA|t} (Zhou X, 2020; Kim 5, 2017).

B ATolHE o) 7 e Ae 7HEA PEES 2715k, R8-S Fe 059 45-g ula
Shat gk A7 QAN e 458 Aol AR a2 S 49 WAL £ 9 %Zﬂ*ﬁ&%
oA Rl gtd5t7] {8l 9+= Zhou 5 (2020)3} Stiirmer 5 (2021)9] A+E St
el B4} et 295 A9 A5 B 2R D HLE Tolekl M2

=
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Figure 1: Histograms of the propensity scores from simulated data, with good (left), moderate (middle), and poor
(right) overlap. Above the horizontal line is the histogram of propensity scores for the treated, and below for the

controls.
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A5 A FHF] HEE X, B A9 ¥ 181 AR PG AR ZE ABRHZ = DI
(Z = 0)°o2 Yetilitty, A& o727t A8 T4 BT NFO| Az oA BET HolH =
YD, i=1,..., NYe 2 Yebd 4= Qlt}. o] o, J3F A4 e(X) & Tha3 Zro] H gt
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N WS o] g okl AEG A2 Lk A5 1814 Rubin (1974)9] 412 Axhpotential outcome)
AAE e sof et i AR A7 A =25 WS o] 29-E vi(1), ARE TR 25k w o] AIHE Yi(0)
21 @ off o] Bl AN BEE £ gl F 7HA] 23 Yi(1), Yi(0) & A At gk Yi(l), Yi(0) ] A}
o|u} vl &S o] §ote] i HA) Ao gt A= EIHE UERE o AR AR Ao = AE s
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Table 2: The simulation results of homogeneous treatment effect with medium prevalence

Unmeasured confounder

Weights Overlap  True Complete Withheld

Bias RMSE  SD SE Cp Bias RMSE  SD SE Cp

IPW Good 1 0.47 1092 1092 10.03 0.95 3.96 1021 942 862 091
IPW(0.05) Good 1 0.46 9.37 936  9.08 094 3.63 9.15 840 816 091
IPW(0.1) Good 1 0.44 8.30 829 824 095 3.10 8.24 764 761 093
IPW(0.15) Good 1 0.40 7.82 7.81 776 0.95 2.21 7.59 726 726 094
ow Good 1 0.15 6.91 692 679 094 0.35 6.58 6.57 6.62 0.95
MW Good 1 0.09 7.22 722 720 095 -096  7.56 750 737 094
IPW Moderate 1 3.05 36,55 3644 23.01 0.84 9.78  27.16 2535 1535 0.70
IPW(0.05) Moderate 1 0.78 1458 1456 14.09 0.94 2.96 15.66 1538 11.22 0.84
IPW(0.1)  Moderate 1 0.61 1073 10.72  10.64 0.95 -0.21 1276 1277 959  0.86
IPW(0.15) Moderate 1 0.20 9.40 940 945 095 -120 1129 1123 897 0.89
ow Moderate 1 0.11 7.79 780 775 095 -023 742 742 718 095
MW Moderate 1 0.11 8.22 822 830 0.96 -1.18  9.64 958 813 0091
IPW Poor 1 17.13 5530 52.61 36.14 0.73 1098 4341 42.02 2194 0.66
IPW(0.05) Poor 1 0.84 16.16 16.14 1557 0.94 -5.92 2464 2393 1490 0.77
IPW(0.1) Poor 1 0.31 11.67 11.67 11.65 0.96 =720 20.58 1929 12.83 0.82
IPW(0.15) Poor 1 0.17 10.66 10.66 11.02 0.95 -6.80 18.18 16.87 12.09 0.85
ow Poor 1 0.23 8.95 895 884 095 -0.05 7.89 790 773  0.94
MW Poor 1 0.30 9.42 942 948 095 1.59 1095 10.84 890 0.88

Propensity score misspecification
Weights Overlap  True Missing X» Missing X¢

Bias RMSE  SD SE Cp Bias RMSE  SD SE Cp

IPW Good 1 1823 2073 9.87 946 0.46 -397 12.04 11.37 10.81 0.94
IPW(0.05) Good 1 18.07 20.19 9.01 9.07 047 -4.23 11.22 1040 10.24 093
IPW(0.1) Good 1 18.06 1992 840 858 044 -435 1050 956  9.65 093
IPW(0.15) Good 1 18.01 19.79 820 826 0.42 —-442 1033 934 924 093
ow Good 1 18.66 20.16 7.63 7.59 032 -435 923 815 812 091
MW Good 1 19.57 21.15 804 801 033 =397 9.07 8.16 823 092
IPW Moderate 1 29.86 4120 2840 18.78 0.47 -6.72 3629 35.68 2440 0.92
IPW(0.05) Moderate 1 28.89 32.12 14.05 13.77 044 -9.07 1851 16.15 16.04 0.93
IPW(0.1)  Moderate 1 2935 3119 1057 1075 023 -7.03 1372 11.78 11.85 0.92
IPW(0.15) Moderate 1 31.80 33.19 951 9.73  0.10 -546 1165 1029 1046 0.92
ow Moderate 1 33.84 3483 827 839 002 -6.78 11.16 887 890 0.88
MW Moderate 1 3637 3740 873 898 0.01 =576 10.63 894 9.07 0.90
IPW Poor 1 42772 5877 40.39 30.80 0.53 -2.21 57.87 57.86 41.76 0.85
IPW(0.05) Poor 1 37.16  40.17 1529 1520 0.33 -9.57 1947 1697 1672 0.92
IPW(0.1) Poor 1 4249 4398 1137 1148 0.04 -6.88 1426 1249 1252 092
IPW(0.15) Poor 1 46.85 48.12 1098 10.93 0.01 -522 1276  11.64 11.75 0.93
ow Poor 1 46.54 4744 920 924 0.00 =772 1256 991 983 0.86
MW Poor 1 49.73 5066 9.65 9.87 0.00 -6.44 1198 10.11 10.11 0.89

Bias = relative biasx100; RMSE = root mean-squared errorx100; SD = empirical standard deviationx100; SE = average
estimated standard errorx100; CP = 95% coverage probability; IPW (@) = trimmed IPW with I,(x) = I(@ < e(x) < 1 — @), for
a =0.05,0.1,0.15.
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Figure 2: Covariate balance with absolute standardized mean difference.
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Table 3: The simulation results of heterogeneous treatment effect with medium prevalence

Unmeasured confounder

Weights Overlap  True None Withheld

Bias RMSE  SD SE Cp Bias RMSE  SD SE Cp

IPW Good 1.53 035 1172 11.72  10.60 0.94 3.73 11.69 1022 9.01 0.87
IPW(0.05) Good 1.53  0.38 9.81 9.80 948 094 3.41 1039 9.00 848 0.87
IPW(0.1) Good 1.54 0.37 8.54 852 845 094 2.85 9.13 801 7.81 091
IPW(0.15) Good 1.55 035 7.94 793 786 095 2.03 8.17 754 737 092
ow Good 1.55  0.11 6.94 694 683 094 0.66 6.67 659 6.64 0.95
MW Good 1.57  0.02 7.21 721 719 095 —-0.56 7.50 746 737 094
IPW Moderate 1.33  2.66  40.08 3994 2481 0.81 11.43 32.16 2837 16.55 0.61
IPW(0.05) Moderate 137 0.89 1522 15.18 1459 0.94 4.33 1798 1699 11.80 0.78
IPW(0.1) Moderate 142  0.65 11.04 11.01 1085 0.94 -0.29 13.76 1377 9.88 0.84
IPW(0.15) Moderate 1.48 0.17 9.61 9.61 956 095 -340 1288 11.86 9.12 0.85
ow Moderate 1.44  0.14 7.87 788 7.88 095 -0.64 7.64 758 728 0.95
MW Moderate 147  0.05 8.23 823 836 0.96 -2.24 1041 987 824 0289
IPW Poor 1.17  16.00 5941 5639 38.12 0.71 16.65 4991 4595 23.17 0.59
IPW(0.05) Poor 130 1.09 16.60 16.54 16.04 0.94 -538 2645 2553 1542 0.74
IPW(0.1) Poor 140 038 12.05 12.05 11.87 0.95 -10.80 2529 2031 13.11 0.71
IPW(0.15) Poor 1.47 0.04 10.87 10.88 11.14 0.96 -12.79 2620 1824 1226 0.64
ow Poor 1.38  0.26 9.08 9.08 9.04 095 -3.29 9.43 826 790 0.89
MW Poor 143 0.18 9.50 950 9.61 095 -326 1297 1211 9.16 0.84

Propensity score misspecification
Weights Overlap  True Missing X» Missing X¢

Bias RMSE  SD SE Cp Bias RMSE SD SE Cp

IPW Good 1.53  12.79 2214 1042 9.84 044 -235 1241 11.88 11.14 0.94
IPW(0.05) Good 1.53 1258 2139 934 937 045 -2.56 1134 10.65 1045 0.93
IPW(0.1) Good 1.54 1228 20.74 859 878 041 -270 1049 9.64 971 093
IPW(0.15) Good 1.55 11.88 20.19 834 840 042 -2.717 1028 935 922 093
ow Good 1.55 1220 2046 7.72 7.68 033 -2.71 9.11 8.08 805 091
MW Good 1.57 1235 2099 810 8.08 0.35 -2.50 8.98 8.09 816 092
IPW Moderate  1.33 2599 46.10 30.63 19.83 0.41 -395 3867 3833 2568 091
IPW(0.05) Moderate 1.37 22.89 3449 1451 14.13 040 —-6.05 1850 16.56 1633 0.94
IPW(0.1) Moderate 142 21.13 3190 1090 1097 0.23 -439 1349 1198 11.94 0.93
IPW(0.15) Moderate 1.48 20.59 3198 9.8l 9.88 0.13 =353 11.67 1044 1049 0.93
ow Moderate  1.44 2344 3480 842 857 0.02 -440 1087 883 890 0.89
MW Moderate 147 23.67 36.01 882 9.11 0.02 -373 1045 888 9.05 091
IPW Poor 1.17 4292 6580 4235 31.82 048 -223 6487 64.85 44.09 0.81
IPW(0.05) Poor 1.30 3020 4221 15.65 1555 0.31 —-6.05 19.48 1784 17.06 0.93
IPW(0.1) Poor 1.40 28.88 42.03 11.72 11.67 0.07 —4.85 1433 1263 1271 0.93
IPW(0.15) Poor 147 2756 42.04 11.11 11.00 0.04 -4.00 1336 12.00 11.84 0.92
ow Poor 138 3229 4563 934 943 0.00 =539 1231 980 995 0.89
MW Poor 1.43 3193 46.61 973 997 0.00 —4.61 12.04 10.08 10.18 0.90

Bias = relative biasx100; RMSE = root mean-squared errorx100; SD = empirical standard deviationx100; SE = average
estimated standard errorx100; CP = 95% coverage probability; IPW (@) = trimmed IPW with I,(x) = I(@ < e(x) < 1 — @), for
a =0.05,0.1,0.15.
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Table 4: The simulation results of homogeneous treatment effect with low prevalence

Unmeasured confounder

Weights Overlap  True Complete Withheld
Bias RMSE  SD SE Cp Bias RMSE  SD SE Cp
IPW Good 1 0.55 18.06 18.06 1576 0.93 11.97 1938 1525 1323 0.77
IPW(0.05) Good 1 0.13 1259 1260 12.01 094 10.03 15.68 12.06 11.09 0.83
IPW(0.1) Good 1 -0.09 1021 1021 991 095 7.48 12.81 1040 9.70 0.87
IPW(0.15) Good 1 -0.17  9.32 932 910 094 4.77 10.61 948 925 093
ow Good 1 -0.07  7.83 783 750 095 0.12 7.85 786  7.58 095
MW Good 1 -0.04 843 843 839 096 —4.83 9.99 875 834 090
IPW Moderate 1 17.21 6121 5877 37.08 0.71 51.54  70.03 4743 29.61 042
IPW(0.05) Moderate 1 -0.30 1634 1634 16.04 0.94 2039 2793 19.09 1584 0.68
IPW(0.1)  Moderate 1 0.30 12.66 12.66 1285 094 6.72 1547 1394 13.07 0.90
IPW(0.15) Moderate 1 -0.11 1252 1253 1237 095 -2.02 1639 1627 13.34 0.92
ow Moderate 1 -028 942 942 943 096 0.12 9.78 9.78 9.63 095
MW Moderate 1 -0.32 1051  10.51  10.60 0.95 -7.70 1336 1093 10.72 0.87
IPW Poor 1 5823 111.74 9541 5040 0.49 106.23  131.72 7793 4143 0.27
IPW(0.05) Poor 1 1.18 1875 1872 17.82 0.93 1522 2418 18.80 17.12 0.82
IPW(0.1) Poor 1 0.43 1559 1559 1532 095 1.11 1826 1823 1524 091
IPW(0.15) Poor 1 -0.08 15.04 15.05 1490 0.95 -1.06 3054 3054 18.11 0.92
ow Poor 1 -0.14 11.02 11.03 11.19 095 0.55 11.70  11.69 11.56 0.95
MW Poor 1 -025 1221 1221 1248 0.96 -7.09 1490 13.11 12.82 0091
Propensity score misspecification

True Overlap  True Missing X» Missing X¢
Bias RMSE  SD SE Cp Bias RMSE  SD SE Cp
IPW Good 1 19.57 2554 1642 1420 0.61 -093 1758 17.56 1544 093
IPW(0.05) Good 1 1940 23.05 1244 12.09 0.60 -198 1331 13.17 1242 093
IPW(0.1) Good 1 1870 2159 10.79 1049 0.54 -246 1078 1050 10.24 0.94
IPW(0.15) Good 1 18.02 20.67 10.14 980 0.54 -2.19 9.73 949 941 0%
ow Good 1 16.18 1836  8.67 830 0.48 —4.21 10.00 9.08 884 092
MW Good 1 1352 1628 9.08 895 0.67 -523 1142 10.15 1026 0.92
IPW Moderate 1 4339 6354 4645 3285 053 1822 57778 54.86 37.78 0.73
IPW(0.05) Moderate 1 35.04 38.63 1627 1620 0.44 -034 1572 1572 15.60 0.94
IPW(0.1)  Moderate 1 29.02 3255 1474 13770 0.44 -0.71 12.40 1239 1270 095
IPW(0.15) Moderate 1 1280 19.88 1521 13.16 0.79 —-1.41 12.62 1255 1238 0.95
ow Moderate 1 23.06 2531 1043 1020 0.37 =576 1190 1043 10.56 0.92
MW Moderate 1 17.64 2092 1124 11.10 0.64 -736 1404 1196 1221 0.90
IPW Poor 1 72.68 113.71 8749 48.17 043 5791 11494 9933 5356 0.51
IPW(0.05) Poor 1 4408 4838 1993 1836 035 1.72 18.14 18.06 17.51 0.94
IPW(0.1) Poor 1 1690 2495 1836 15.66 0.77 -0.43 1472 1472 15.02 095
IPW(0.15) Poor 1 9.11 18.46  16.06 1547 091 -1.58 1461 1454 1476 095
ow Poor 1 25776 2849  12.17 12.00 0.43 -5.63 13.03 11.76 12.09 0.92
MW Poor 1 19.01  23.00 1296 1290 0.68 -7.46 1536 1344 13.81 0.92

Bias = relative biasx100; RMSE = root mean-squared errorx100; SD = empirical standard deviationx100; SE = average
estimated standard errorx100; CP = 95% coverage probability; IPW (@) = trimmed IPW with I,(x) = I(@ < e(x) < 1 — @), for
a =0.05,0.1,0.15.
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Table 5: The simulation results of geterogeneous treatment effect with low prevalence

Unmeasured confounder

Weights Overlap  True Complete Withheld

Bias RMSE SD SE Cp Bias  RMSE SD SE Cp

IPW Good 1.38 047 19.46 19.46 1690 0.92 9.90 21.36 1639 14.03 0.74
IPW(0.05) Good 1.40  0.32 13.33 1333 1266 094 8.01 16.97 1274 11.61 0.81
IPW(0.1) Good 1.44  0.20 10.70  10.70 10.26 0.94 5.50 13.35 10.76  10.00 0.86
IPW(0.15) Good 149 -0.08 9.64 9.65 929  0.94 3.02 10.74 9.76 9.44 092
ow Good 1.47 -0.03  7.96 7.96 7.57 095 -0.16 7.92 7.92 7.65 095
MW Good 1.50 -0.10  8.50 8.50 840 096 4.18 10.79 8.80 8.28 0.86
IPW Moderate 1.13  16.85 66.52  63.78 40.17 0.70 5126 7741 51.52 3191 042
IPW(0.05) Moderate 1.30  0.08 17.67 17.67 17.11 093 16.17  29.10  20.08 16.81 0.70
IPW(0.1) Moderate 142 026 13.34 1335 1336 094 5.35 16.02 1412 1354 0.90
IPW(0.15) Moderate 1.49 -0.21 12.89 1289  12.60 0.95 -0.09 15.96 1597 1350 0.92
ow Moderate 1.38 -0.17  9.71 9.72 9.65 0.96 077  -1020 10.15 9.88 0.94
MW Moderate 143 -0.32 10.74 1073 10.72 095 -7.39 15.75 11.67 10.76 0.81
IPW Poor 1.01 61.62 120.18 102.77 5471 0.0 11526 14390 8422 4485 0.27
IPW(0.05) Poor 126 6.19 2151 20.06  18.99 0.89 18.55 30.59 19.84 18.19 0.72
IPW(0.1) Poor 134 6.81 1877 1641 1586 0.89 8.88 21.96 18.47 15.66 0.83
IPW(0.15) Poor 1.39  7.16 18.40 1549 15.15 0.88 7.81 3146 2954 1819 0.84
ow Poor 1.31  5.09 13.22 11.44 1148 092 4.18 13.42 1227  11.89 091
MW Poor 135 545 1454 1257 12.68 0.92 -2.35 14.55 1421 1296 0091

Propensity score misspecification
Weights Overlap  True Missing X Missing X¢

Bias RMSE SD SE Cp Bias  RMSE SD SE Cp

IPW Good 1.38 1633 28.64 17.59  15.18 0.57 -0.27 18.79 18.79 1642 093
IPW(0.05) Good 1.40 1556 2549 1321  12.81 0.8 -1.15 13.96 13.87 13.00 0.93
IPW(0.1) Good 144 1363 2267 11.37  11.02 054 -1.57 11.13 1091  10.50 0.94
IPW(0.15) Good 1.49 11.65 20.33 10.61 1021 059 -1.42  10.04 9.82 9.52 094
ow Good 1.47 1143 1899 8.95 8.56 048 -2.86  10.04 9.12 879 092
MW Good 1.50  9.00 16.34 9.25 9.07  0.67 -3.60 11.50 10.16  10.19 0.92
IPW Moderate 1.13 4593  72.14 5024 35.61 0.1 18.67 6270  59.09 40.78 0.72
IPW(0.05) Moderate 1.30 2834  40.98 1778  17.46 045 0.12 17.10 17.11  16.62 0.94
IPW(0.1) Moderate 142 20.30 32.58 1523 1450 049 -024 1297 1298 13.11 095
IPW(0.15) Moderate 149 8.94 19.97 1486 1355 0.80 -0.78 12.89 12.84 1254 094
ow Moderate  1.38 17.24  26.21 1091 10.60 0.38 —4.15 12.02 10.57  10.64 0.92
MW Moderate 143 1229  21.04 11.54 1129 0.64 -5.31 14.26 12.07 1225 0.90
IPW Poor 1.01  59.03 6230 1759 15.18 0.09 62.14  123.67 106.52 58.08 0.51
IPW(0.05) Poor 126 2893 38.64 1321  12.81 022 6.81 21.16 1937 18.61 0.89
IPW(0.1) Poor 1.34 2214 31.74 11.37  11.02 026 6.49 17.65 1537 1543  0.90
IPW(0.15) Poor 139  19.63  29.26 10.61 1021 024 6.49 17.37 1485 1493 0.90
ow Poor 131 25.18  34.06 8.95 8.56  0.03 0.87 12.06 12.02 1227 095
MW Poor 1.35 21.25  30.06 9.25 9.07 0.13 0.03 13.66 13.67 1395 0.96

Bias = relative biasx100; RMSE = root mean-squared errorx100; SD = empirical standard deviationx100; SE = average
estimated standard errorx100; CP = 95% coverage probability; IPW (@) = trimmed IPW with I,(x) = I(@ < e(x) < 1 — @), for
a =0.05,0.1,0.15.
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£ Rolsl wolth OWe] 21 R Ge FREE 548
Hgatol ARTYP BADS 52 BYolekn H@P B¢t o] mYThe] w3t 2T
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= w9 7SR = BE @At 24 7190 4 JEE w5 THequal) REE o] ETH MWE ©o]-8-6}¢]
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aEE 4 7EA Y2 AR vE B a3 FYAE g R Sk mebd Rojdd o] A i
(true) Al FHF 9 By 7|Rto = 57] 107 ©919] “Z 23] th(superpopulation)”& A /d5to] ]3] ] 2]
Aol A IPW, trimmed IPW (e = 0.05,0.10,0.15), OW, MW of th$t 2] & a3} 27 A4t

2] Li} Greene (2013)9] dlof8] A4 S 7oz SRF X = (Xi,..., Xe) o F 7HA] A= Z
% /\E *ﬁ,?&!i}. O] Oﬂ U}E]' Xy ~ Ber(O.S), X3 ~ Ber(04 + 02X4), X5 = Xlz, X5 = XXy,

X N Xy — X3+ 05X;X4 2— X3 025(1 + X3)
X, X+ X3+ XX )710.25(1 + X3) 2 - X; ’

Z ~ Bernoulli(e(X)) , e(X) = [1+exp{—(Bo+B1 X1 +- - -+BsXe)}] ' = T3}, o] o], 2| 27} o 2422 H|-g©]
M50 79 49 A5 BIE 5 420] £ (good overlap), 25 Hmoderate overlap), 7] 28 (poor over-
1ap)©ll whet (Bo, 1. B2, B3, B s, B6) = (<0.5,0.3,0.4,0.4,0.4,-0.1,-0.1), (~1,0.6,0.8,0.8,0.8,-0.2, ~0.2), (1.
5,09,12,12,12,-03,-03) 0.2 A|4gch. A4 1gAt % A=2] 1]go] F2(ow) AL foF 7 55
Gezeoll et —15,-3,-4.5 2 A Astel 9i9t AT o] BRE WL 1T Sele A7 wI}
=214 (homogeneous) 2l A&2] A = 1, o] A A (heterogeneous) Q1 A&2] A = —4e(X)? +3.94e(X) +0.69 0.2
AAsI] HE A2 AT Y ~05+AZ+ X, +0.6X, +2.2X3 +1.2X, +0.1X5 + Xg + N(0,1) ©.2 A& 4= It}

2 A9 &7 Ht A A A& Bt FEAY di= AIEE JAp7E EASkR] gl BE At
A A5 27 FL5HA veha, o] A Y wf= 2ol B4 uhet X =] Zpo|7t FE XA vrEfd.
A w0} 2o HEo] H AE 7 2|5 & (medium prevalence), 1A @2} F A2 E T
At Hlgo] W2 A5 W2 X7 FE(low prevalence)o] 2t Jtt). 2|27} 279 A= I SE
BIE FEFY0l EALE FE, A2 ASE A S 55, 2 5L £ 2 FE AlE A
Gt FEolg} gk 7 A FEA AY 5 BEO| FH 5o 2 HShE Figure[lP] Yehtolct
3t 2 2] A2 McDonald 5 (2013)2] PSH 9] =X (range overlap) Y= T2 A Mao2} Li (2020), Arisido
(2022)0] Toksl PSEE 55 A 5 of ufet 433 vl w ek,

Lolrb AA| A doll A B & 4= Sl F 7R A A4S ROl Aol vhIstth A MiA= A
e 2ol ma]o Sl &AtollA A 5o vtot= A 57 TF LA == 24 dgolth. 1.9 (frailty)
9] &7t F dF7t A= @Yol ofs 17 5ottt ThpE oA A Y] At AdHiofl et vhE & Sl
A =5 2] oA | Ag-olth (Stirmer 5, 2010; Zhang 5, 2019). o] 2§t 4 RO U Fof FA5H7]
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Zhou F (2020)7} Austin (2022)9] ATE Faste] o]4Fe] TS 1,0002] §HEste] 24| A=, 7t
A B AA A= 2ot 24H A& 81} Abo] o] HEK(bias), AlEE Al E 2 2Hroot mean square
error; RMSE), 4 ¥ 2 B3 2}(standard deviation; SD), - E 3@ 2}(standard error; SE), I3+ 3H&-(cover-
age probability; CP)& 7] 2.0 2 4%5-2 B7Fs.0 0], 7] 212 B3k T dole A4 & 7oz
20 ggel A AZE Frue) 37 LeIch BE 574 BHE R 410 83 o] 5ko] Sashelr.
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5.3. 2o|AH Z3}

%70 A2 oo g4} 7he) AR avt EAAY o 2e|Ag AIE Table B H2lotedrt. 7t EolA
complete, withheld, missing X, missing Xs+= Y] 7}2] A¥ Z A 717+ LJebdTE Fof| A complete:= 2|5 &
I 27 ol A o BA| = FAYSER] ka1 eEASHA o] F 7] Ao, withheld= 43 M4 BE 342
gukaA Helot T9eE Aol o9 ol Zo] weh ARl wet et A olulgith. A A
nd 24 ol FHFS ARt F 7hA] BA A4S missing X,, missing Xs 2 Table 2Jo] seto] Zto
RErCE 9 o] 742 A 2 7stel A A 2F ko) S8 Aol wigtel niet SoakA AFE chket 715
R 450 AHE ®ol Bustgith T3 oo ool T o] Ao B3} P 2o (absolute standard
mean difference; ASD) 713-2 Figure ] Zo]#] Tt

IPW3z o 2ol whsliz 2|27} e} ps o] 2 23
O] BRI} £2] k2 55 gl A o Wgsithe 22 Table2ol|l A &
A7} G complete A111212.9] F2 5% Ao PWE FBT S JH5A YOS T

=

! a% w3
322 BATO 2 Qo) WG FAE ARt 1ol B5ta F2 4ol Lk A ¥ PWel
B EE-030] gho] chet 7154 0] Hla) FAGA S716l BE AT et PS ol TR
AR Gl A PWE o] 8 A2 A7t o] FASH Av, ol S| Jmr} obd S o
AN Ao BT 919 L ARFE oSl Wshs A7k EABHS 492l withheld Aol A = 3

Q18 4+ Qi 3 L7} ool whel IPWe] Aol ThE whSel uls) 714 ofstel: Zo] ek,
wo] oA Mapo] 102 e HE AN ATk AL 12l o) IPWFAELT ThE 7hE A 9 2kl
715 2polo] Hlsl| 20 20| Zoliz 2hake 4 Gl Aolet A2 4 ik,
SPA AR IPWSHE Th2 ] QA FEE o] R AS B Shs 715 A OWSE MW X9 Xl
Aol A2 B FAsHd) glo] Bt B4t Sl

[e)

oX

H

r

Ay Ao o e Aughe 7
22 & 5 Ik 58] OW= ol 2o whsh 2|27} EAISHE el A ThE Wi Sl wls) Aol 2551
22 02 STC) o] PHL F YU FHIE S 2 G PRI 2 AFAE Fr A
2 B9 25e AESR, A% A7 TR IASL AL HEAE Holshs EAL 2T 9] whge]
ol Zo] Wsh A 27 AT ARl OWZL AT H o R B £ 4TS HelFk lolet 258 4 9r.
AAHPW ] T} H4T glo] IPWRTH AFE 4% Ho]7] S, oA 2 OWsl MWel| s &

/0] AastAY FASR FHAE Hol= Ae & 4 Aot £ o ae2Ql dAHPWE 9fsf| 2 4%
FAGS L] HokE ), @ = 0.1502 AARE AA o] 7P A=t A= AW FAZE o E o7l
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