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Propensity Score(PS)
—

HHOREEZALT2HICEIYHT
bNAHEXEEXFHITHIRO7T

P(y.) = Probability (exposure | x; = X)
A propensity score P(y) is the conditional probability of receiving the exposure
given a set of observed covariates X.

O<P(y;)<1
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PS analysis using STaTa®

1. PS modeling using Logistic regression

2. Analyzing using PS
— Matching
— Regression
— Weighting

— Stratification

2013/9/20 13




PS modeling

Logistic regression: treatment+/-(dependent variable)

& adjust for risk factors

SW, pe(0.05) pr(0.051):logistic VCM Age Gender

(treatment)

predict PS




Evaluation of model

—Hosmer-Lemeshow: fithess

— ROCE&EAUC: discrimination




Graphics | Statistics | User Window Help

E_ff Summaries, tables, and tests

Linear models and related

Binary outcomes

"Di¥PPS_J Ordinal outcomes

pr(0.051) fi Categorical outcomes

- VEM Count cutcomes
Exact statistics

) Endogenous covariates
Sample-selection moedels
Multilevel mixed-effects models
Generalized linear models
MNonparametric analysis
Time series
Multivariate time series
State-space models
Longitudinal /panel data
Survival analysis
Epidemiology and related
Survey data analysis
Multiple imputation

_Hb Multivariate analysis

-ALB Power and sample size

P OEE

OEE Resampling

o Postestimation

BOEE Other

ERA byte 758.0g ™

int %8.09
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0009 < 0.0500 adding 1
0026 < 0,0500 addinag eafr

Logistic regression

Logistic regression (reporting odds ratios)
Exact logistic regression

Mixed-effects logistic regression

Panel logistic regression

Probit regression

Probit regression (reporting change in prob.)
Probit regression with endogencus covariates
Probit regression with selection

Bivariate probit regression

Seemingly unrelated bivariate probit regression
Panel probit regression

Complementary log-log regression

Panel complementary log-log regression
GLM for the binomial family
Heteroskedastic probit regression
Skewed logit regression

Grouped data

Postestimation

on pr assumed; Pr{vcm_))
issing values generated)

Number of obs = 1876
LR chi2(6) = 422.18
Prob > chi2 = 0. 0000
Pseudo R2 = 0. 3050
=|z| [95% conf. Interwval]

. 1649678 . 2948578
2.181957 4.343028
1.887426 3.794291
2.052831 15.25842

1.00495 1.020626
. 8141431 . 9585805

Goodness-of-fit after logistic/logit/probit
it /probit fivprobit

ROC curve after logistic/logit/probit/ivpro

Sensitivityy SpeT eyt
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Hosmer-Lemeshow

. estat gof, group(10) table
Logistic model for vwM, goodness—of-fit test

(Table collapsed on quantiles of estimated probabilities)

Group Prob | Obs_1 | Exp 1 | Obs_ O | Exp O | Total
1 0. 0099 2 1.3 186 186.7 188
2 0.0139 2 2.2 186 185.8 188
3 0. 0202 3 3.1 184 183.9 187
4 0.0284 2 4.5 186 183.5 188
5 0.0415 4 6.4 183 180.6 187
6 0. 0649 13 9.8 175 178.2 188
i 0.1075 19 15.8 169 172.2 188
8 0.1916 26 26.8 161 160.2 187
9 0.3591 42 48.7 146 139.3 188

10 0. 9968 114 108.3 i3 /8.7 187
number of observations 1876
number of groups 10

Hosmer -Lemeshow chi2 (8)
Prob > chi2

C 0. 5760 D

2013/9/20
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0.25 0.50 0.75 1.00

0.00

ROCEAUC

. Iroc
Logistic model for VCM

number of observations =

area under ROC curv<= 0.8740 >

1876

T T
0.00 0.25

Area under ROC curve = 0.8740
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Histogram of Propensity Score

0 1

50

histogram PS, percent by(VCM)

o T T T T T T
0 5 1 0 5 1
Pr(VCM)

Graphs by VCM_treatment

VCM - VCM +




Box plot of PS by VCM

graph box PS, by(VCM)

o

Graphs by VCM_treatment

VCM - VCM +
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Stata command: psgraph

I I I I
2 4 .6 .8
Propensity Score

B Untreated B Treated
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Propensity Score (PS) Analysis

15t step
PS Modeling

2"d step
Matching Regression
using PS using PS
| J J
3" step .
Analyzing

with matched
data

J

2013/9/20
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PS model

Analyzing

PS matching using STATA

e Summary data: d, sum )

e Modeling: Sw,pe()pr():logistic, Model checking: Iroc, estat
e Overall PS checking: sum, graph (hist, graph box), psgraph
 Checking each variable: quintile (regress, logistic, ttest, tabulate, pstest) )

~
e Psmatch?2, pstest, psgraph
¢ teffects psmatch (Ver. 13)
_J
~

* Regreession (clogit after reshape)
e clogit with other confounders

23




Matching in Stata

e psmatch2 package created by Edwin Leuven
and Barbara Sianesi.

* Matching: psmatch2 implements various types
of propensity score matching estimators.

- one-to-one, k-nearest neighbors, radius,
kernel,local linear regression, spline,
Mahalanobis




Nearest Neighbor Matching within a caliper

* Typically, one treatment case is matched to
several control cases, but one-to-one

matching is also common and may be
preferred (Glazerman, Levy, and Myers 2003).

— Caliper: (SD of log(PS/1-PS) )x0.25




Stata command

* Matching

— psmatch2 VCM, pscore(logitPS) caliper (0.4)
noreplacement descending

* Checking the balance after matching

— pstest Gender Age Cre Hb Alb Drug_Am NSAIDs
ACE_ARB, both t(VCM) graph




Checking the balances
after matching

NSAIDS |- v ermee e e P o
ACE_ARB [+ veverermrsemremnissici Xeononnns @ e
DIFUG A |+ e e e e Mt @
AQE |7+ X @
GONAEE |-+ e e @
CF@ |- e oo @ X
HD |- oeerromerenenn @ o U
Al |- @ e O ® Unmatched

x Matched
—1|50 —1I00 5IO (I) 5I0

Standardized % bias across covariates




Analysis after matching

* Conditional logistic analysis
— clogit aki pair, group(group)
— clogit,or

* McNemar test




PS model

Analyzing

PS regression using STATA

e Summary data: d, sum
e Modeling: Sw,pe()pr():logistic, Model checking: Iroc, estat
e Overall PS checking: sum, graph (hist, graph box), psgraph

e Checking each variable: quintile (regress, logistic, ttest, tabulate,

pstest)

J

* Regression (tabulate, K-M curve, ttest)

e Multivariate regression ( Logistic, Cox, regress with other
confounders

~
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1. Crude odds ratio

logistic aki ontcome doubling VCM, or

Logi=stic regression Hunber of obs = 1992

LE chiZ (1) = 96.88

Prob > chiz = 0.0000

Log likelihood = -578.67306 Pzeudo RZ = 0.0772
aki outcome doubling Odd=s Ratio 5td. Err. z Bxlz]| [85% Conf. Interval]
VCH g llloos 1.051483 i0.52 0.000 4.362604 B.562B80
_consg LOT29483 LODBE9TO -27.65 0.000 0606076 .0878018

2. AdJusted odds ratio by Pro ensitEy score
VCM PS5 , or

logiztic aki ountcome doublin

Logistic regression Humber of obs = 1896
LE chiZ(2) = 138.76
Prob > chi? = 0.0000
Log likelihood = -545.655981 P=zeudo R2 = 0.1128
aki outcome doubling Odds Ratio Scd. Err. Z Bx|z| [25% Conf. Interwvall]
WCH 2.495089 .54055971 4,22 0.000 1.631778 3.815146
g;;;) 15.61008 6.096279 7.04 0.000 7.260751 33.56054
_ LO570277 0062395 -26.18 0.000 0460208 070667
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Propensity scores — command summary

psmatch2
pstest
psgraph
pscore

teffects psmatch (statal3)

2013/9/20
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Stata command: teffects psoverlap

o ]
N

15

10

o] —

I I I I I I

0 2 4 .6 .8 1
Propensity score, VCM=1

VCM=0 VCM=1
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