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Statistical Methods for Causal Inference

Covariates

confounders variables
unmeasured/unknown
confounders
stratification variables
intermediate variables
effect modifier
/ interaction effect \

AQUTt7?

Propensity Score Matching Multiple Regression

Coarsened Exact Matching \ / Adjustment

= Multiple Regression Analysis

,\(,_f:‘::;,gt’: il \\\ = Logistic Regression Analysis
/ ‘lrﬁ__ll‘ TR I; X = Poisson Regression Analysis
:\ A AN = Cox’s PHM
N \Z:s/’-;}_‘l——:"'f\"«‘\ = Linear Mixed Model (LMM)

v '\,: Vo _ _ = Generalized Estimating

RN NP Competing Risks Equation (GEE)

Mendelian Randomization Analysis



Table 3. Selected Baseline and Exercise Characteristics According to Aspirin

Use in Propensity-Matched Patients®

Figure 1. Kaplan-Meier Curve Relating Aspirin Use to Time to Death Amaong

Propensity-Matched Patients
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1300
1249

» 2310 3864 =
Mo
Aspirin Aspirin P
Variable {n=1351) {n=1351) Value
Demographics
Age, meaan (S0}, v 6011 681 (11) A6
Men, Mao. (9%6) a51 [70) 974 (72) 33
Clinical history
Diabetas, Mo (%) 203 (15) 207 (15) 83
Hypertension, Mo. (9] 679 (50) 698 (52) A6
Tobacco use, MNo. 36} 161 (12) 162 (12) a5
Cardiac variables
Prior coronary artery disease, Mo, (%) 652 (48] 659 [49)] T
Prior coronary artery bypass graft, Mo. (%) 251 19) 2350117 42
Frior percutaneous coronary intervention, Mo, (94) 166 [12) 147 (11) 25
Pricr Q-wave M, Mo, (%%6) 194 [14) 206 (15) 52
Atrial fibrillation, Mo. (%] 21 [2) 24 (2) 55
Congestive heart failure, No. (%) 79 6) 89 (7 43
Medication use
Digoxin use, No. (%%] 115 (9) 114 (9) 94
B-Blocker use, No (3% 352 (26) 358 (26] 7
Diltizzem/verapamil use, Mo. (%) 22317 223 (17 =54
Nifedipine use, Mo. (%G 127 19) 144 (11] 28
Lipid-lowering therapy, No. (%) 281 (21) 271 [20] B3
ACE inhibitor use, Mo, %) 209 (15) 214 (18] T
Cardiovascular assessment and exercise capacily
Body mass index, mean (S0, kg/m® 29 (6) 29 (6) B3
Ejection fraction, mean (SD), % 51 (8) 5119 -85
Resting heart rate, mean (S0}, beats/min T713) 7614 A3
Resting blood pressure, mean (SD), mm Hg
Systolic 141 [21] 141 (21} B8
Diastolic B85(11) 86 (11} 57
Purpose of test to evaluate chest pain, No. (%) 163 [(11) 188 (12) T2
Mayo Risk Index =1, Mo. (%)t 1108 (82) 1110182} a2
Peak exercise capacity, mean (SD), METs
Men B.7 (2.5] 8.3 2.5 .01
Women 6.5(2.0) 6.7 (2.0} A3
Heart rate recovery, maan (S0}, beats/min 2812 258011) a2
Ischemic ECG changes with strass, MNo. [¥a) 231 (22) 223 (21) 54
Echocardiographic left ventricular ejection fraction 147 (11] 156 (12} 50
=40%, Mo. %)
Stress-induced ischemia on echocardiography, 239 18] 259 (19} 32
No. (%)
Fair or poor physical fimess 445 [33) 459 (34) 57

for age and sex,'® Mo. (%)

Table 4. Cox Proportional Hazards Analyses
of Aspirin Use and Mortality Among
Propensity-Matched Patients (n = 2702)*

and all covariatest

Hazard
Ratio P
Model (95% CI) Value
Lnadjusted 0.53 (0.38-0.74) ooz
Adjusted for propensity  0.53 (0.38-0.74) =.001
Adjusted for propensity  0.59 (0.42-0.83) 002
and selected
variablest
Adjusted for propensity  0.56 (0.40-0.78) -=.001

g

*Cl indicates confidence intarval.

tSelected varnables included prior corcnary arery dis-
aasa, pror coronary artary bypass grafting, pror psar-
cutanaous intervention, and ejection fraction =40%:.

FMiindicates myocardial infarction; ACE, angiotensin-converting enzyme; MET, metabolic equivalent task, and ECG,

electrocardiogram.

TThe Mayo Risk Index is described in the "Methods" section,
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FFor a list of covanates, see Tablke Z footnote (1.
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Gum et al., JAMA 2001;286(10):1187-1194
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Propensity Score Computational Statistical Packages

« Matchlt in R (Ho, Imai, King, and Stuart, 2007)
« PSMATCH?2 algorithm in STATA (Leuven & Sianesi, 2004)

« %PSMatching “GREEDY” Macro in SAS (D’Agostino, 1998)

Matchlt: Nonparametric Preprocessing for
Parametric Causal Inference

Daniel E. Ho Kosuke Imai
Stanford Law School Princeton University
Gary King Elizabeth A. Stuart
Harvard University Johns Hopkins University

Journal of Statistical Software May 2011, Volume 42, Issue 8. http://www.jstatsoft.org/
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Cardiovascular disease

Hierarchy in genetics of cardiovascular disease
Source: Harrap et al,, Lancet 2003;361:2149-51.



Number of Publication Using MR approach (2003~2015)
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EStlmatIOI‘l (2 Stage Least Squares Estimate) . @ ;
2,7 NP2

Y =0+ 56X+ 5,C+es, @61M
X =0,+0,Z+0,C+gy
Stage 1 : regress of the X on the Z

X=2(22)'ZX=P,X, P,=2(2Z2)'2" and P’=P,

Stage 2 : regress of Y on the fitted X-values from stage 1.
l.e. only the variation in X that is explained by Z is used in stage 2.

5 , ] , [**% |\/ analysis in SAS *xx/
P =R XY (R XOI (R, X)'Y proc syslin data=in 2SLS;
=(X'P,P,X)*X'P)Y endogenous X:
' Y, instruments z;
=(XBX) " XRY model y = Xx;
run;
/* 2SLS can be replaced by
LIML or FIML as appropriates */




3X}244: Mendelian randomization analysis

2XtE4: Multivariate logistic regression

sex, age, family history, smoking status
drinking status, BMI, salt intake, ...

4 / \ )
» LDL » Hypertension
NS J

1XH24]: Simple logistic regression

Instrumental
Variable

KoGES (AIE chip, K-chip) :
rs10903129, rs11206510, rs2479409, rs505151, rs12130333, rs629301, rs599839, rs174547, rs174570,
rs7953249, rs2259816, rs4942486, rs9989419, rs314253, rs10401969, rs16996148, rs753381

% Affy 6.0, lllumina Omni, Exome chip0 &M 2 U= SNP B, GLGC (Global Lipids Genetics Consortium)0fl = AS MH
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o4 =337 ojay ANOVA
Repeated Measures ANOVA
N R " ol EH
_l__l_ _I__I_ x—l—
5 HEH + WEH  General LM/ LMM
Linear Mixed Model
X . . EXAE R
Ol 85 + B8 HGLM / GEE
Generalized Estimating Equations
n . Cox PH 2
MEAIZH AL + HEH S

Frailty 23
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*E2H 27HE 3 670



H zag ARELAL O I.él- = C
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Repeated Measures ANOVA
ZsXJtotLE Sle 28FZe Atgbts Hatlz g,
AH A ADQNMN= A HIHAl =20t 2= B8R
=
Ol &2 Mgl B A8 =40 2. (680] L)
id group sex baseline monthl month3 monthé
1 i F %0 ZET 25 3
2 1 F 52 38 23 12
— ) E])H:é' 3 1 F 62 36 22 mn
L n 1 F 58 34 21 13
SsSIFOs 5 1 M 65 34 28 18
Eg2d LMM 6 1 M 58 42 26 BN
2 otot=d YA A GEE : ; ) >oe2
9 2 M 55 54 46 26
10 2 M 60 55 46 23
] 2 M &3 45 AEX| 25
—i—&' 9| [:H /é:!' 12 2 M 52 A=K 35 22
_ _ 13 2 F 61 38 32 18
El'géjé—)le'E jH .” © 2 F 58 AEK| 39 21
SgZd g et =HEEHA: HE &A=



Times ‘BHIJFY = i1

L L |
Estimated Mean(SE) Estimated Mean(SE)

monthO 58.286(0.240) 57.286(0.240)

monthl 52.184(0.558) 52.965(0.603)

month3 43.948(0.453) 39.516(0.453)

monthé 31.959(0.621) 21.571(0.591)

- LMM2 2 24
- A2t S S0l et & =2

&l P :
- 18 Z0l Bloi 281 201 =S SSZIHH 248S €

- SOl 3MEMBE F =2+ X0 ==2tE.

group: <0.001
time: <0.001
group*time: <0.001

B score

407

307

20

time

23 S+~ 2 5D

Group (x44) Time (x6) GroupxTime (x6)
post-hoc p-value post-hoc p-value post-hoc p-value

Group 1 vs. 2 Group=1
mo0 0.012 mo0 vs. mol <0.001
mol 0.367 mo0 vs. mod <0.001
mo3 <0.001 mo0 vs. moé <0.001
mob <0.001 mo0 vs. mol <0.001

mo0 vs. mod <0.001
mo0 vs. mobé <0.001

Group=2
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001

mo0 vs. mol
mo0 vs. mo3
mo0 vs. mob
mol vs. mo3
mol vs. mob

mo3 vs. mob

Group 1 vs. 2
0.801
<0.001
<0.001
0.001
<0.001
0.001

24X O 2 = Bonferroni correction= /0l LI 2 p-valuelll Bl & +~8t3 = ol



- Mean£SD (bar graph)

Demoaraphic - Median (min, max) or
G Median (Q1, Q3)
P - Box plot
- Independent two sample t-test, ANOVA
1:12] 2t

- Mann-Whitney U test, Kruskal-Wallis test
- Chi-square test (Fisher’s exact test)
1:No| 2| - Il:lne-ar- regression
- Logistic regression

Predictive ability - ROC curve, AUC

Kaplan-Meier method
(1958)

Log-rank test
(Mantel-Haenszel, 1959)

Cox’s PH regression
(1972)

Harrell's C, tdAUC, i1AUC




Cox Proportional Hazards Model (1972)

- MEDMO| BHS T YHRQITY MUY DS AO0| B
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Baseline

h(r) 1 BE SEELT 0 4o YHHL

Model

Semi-parametric model

tANEAIN pHe SEBST v, v, 2 i RS

h(t) = hy,(t)exp(fx, + ...+ [,x,)
log h(t,x)=logh,(t)+ fx, +...+ [.x,

Assumption iHN 2ARRL M BARS] PIEH AL FESHY ¥4 =
hz' )/ hj' (7) = exp( P (x; — x_;‘l) +oot B (%, — X i )
Model check SEHT2 M2 OE &N log(-logS(1)9 t= MBI

QB2 E)

ZHIgAC 2T E
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A2l 72’8 A%

Exp(B)M CH=t 95.0% CI
B EEZT Wald ek | 7Y%= | Exp(B) ohEt <y
SEX -.378 475 628 1 428 LT 268 1.749
PS_12_3 807 221 13.347 1 000 2.241 1.454 3.455
smoky 471 3249 2.048 1 152 1.602 840 3.056
adjCT 125 217 333 1 564 1.134 T4 1.736
ampyhl 756 216 12.264 1 000 2131 1.395 3.254
O ) DHE1-22] LML &=
O

ampYM

g
1

HR
(Hazard Ratio)

= sex, pathologic stage, smoking status,
adjuvant chemotherapy s2 S1UtE 28&t
AEH0IA FGFR1 amp-0il Hlol amp+9Q! &
A HE == F, WEE /& HI= 2.134H

Z SHAE2Z R26tH =L (p<.0001).

-2

EO-20)

| T T
0 50 100 150 200
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Basic concept : competing risks
Subdistribution for an event of typei (i=1,2, ..., p)

F.(t)=P(T <t, C =i)

Subhazard e
onee P(t<T <t+6t, C=i |IT >t-}

O B

Hazard of the subdistribution

Vi (t) :;tim){ """""""""""""""

= the probability of observing the event of interest, type i, at the time't
while knowing that either the event of interest did not happen until then
or that the competing risks event was observed.



Model

« Cox’s proportional hazard model, Cox (1972)
Partial likelihood

L(ﬁl’ﬂzv"’ﬁm) ﬁ{z

exp{,&'lx1j ot ,Bmxmj}
r, OXPUBX ot X |

« Model forthe hazard of CIF, Fine & Gray (1999)

L(B Brrees B) = HLZ

_______

G(t;) ; | |
iy G(-) : K-M estimate of the survivor
j :
G(mln(tj, t)) function
of the censoring distribution

R({t) ={i:T>t ©f (T. <t and the subject experienced a competing risk event)}
j i =



Subdistribution Hazard: In Discrete Time

Time
0
—
5
- =
= w
a
-
W ey
c E
o
—
@ 0 .
E Individuals
= who
b previously
B £ experience
==
% W evgnjz
or o remain in the
= )
risk set for
event 1
= 0
38 35-0
w L
I = 0
73] § -0
C 2 30

Figure 2. Subdistribution hazard(SDH) schematic. The risk set starts with 30 individuals (solid circles). Over time, individuals
have either event 1 (square) or event 2 (triangle). As individuals have the competing event (event 2, triangle), they are maintained
in the risk set as triangles. Thus, over time, a greater proportion of the risk set becomes full of triangles that are individuals who
have had the competing event prior to that time. The SDH for event 1 is given near the bottom of the figure along with the
cause-specific hazard (CSH) for event 1 for comparison. Note that, because individuals are maintained in the risk set, the SDH
tends to be lower than the CSH.



4 Major Bigdata in Bio-Healthcare

PGHD

(Patient-Generated Health Data)gt?
ADEE, AHHES CIHIOIA Sl 2N 2 %XF
O 0l JFXl 22t E Kl 42 HIOIEE
ot MEE 2= Ues AU EIHA, SOt X}
LHMOZ MAS H2UI0IEHE PGHD2} StCt.
GO10ll= 24 20Hl CHSH OI=0ILE MKl GIOIE, Mgt
S& S0l 25 =8t PGHDIL SR8 0lf:=

MO %‘%/7H?_| Hage
Y ‘ @Q EMR/EHR/PHR
W VELOCITY m
GENOME
Multi-OMICS VARIETY
KoGES
{= Lifelog Data

i Wearable technology
Litelog ! Mobile devices
=l ) PGHD

h-well o

;'mpprgm

i

x ZBEYANIY

Data
|

Information ™ Knowledge ™ Theory & Expertise



One-size-fit-all Stratified Medicine Precision Medicine
Medicine

Patients are grouped by: Individual patient level: <
Disease Subtypes Genomics and Omics
Risk Profiles Lifestyle
Demographics Preferences

Socio-economic
Clinical Features

Health History
Medical Records

Biomarker = o o Compliance éé i &?
Molecular sub-populations M Exogenous Factors il e
Companion Diagnostic (CDx)
I Biomarker
Therapy Precision medicine ensures delivery - Ihg;a_mé -
(Malnly Rx) > of the rightintervention to the right
. 3 patlent at the right time.
~O

- L
E S
= g 8 e
g 3 \
g g F |
o »
Adverse No Benef 3 g ch Patient Be;eﬁts From Indmdualized
Event Benefit g reatment
=

Microbiome

Epigenome

Frost & Sullivan (Mar 8, 2017)
New Paradigm Shift in Treatment

Exposome
Social Graph

Biosensors

Drug Industry Bets Big
on Precision Medicine :

Five Trends Shaping Care Delivery n ol

Imaging

Topol EJ, Cell 2014;157(1):241-53.
Individualized Medicine from Prewomb to Tomb

£ i‘
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LR - ML - DL

= There is no bright line between machine learning models and traditional statistical models

= Deep learning is well suited to learn from the complex and heterogeneous kinds of data
that are generated from modern clinical care, such as medical notes entered by physician,
medical images, continuous monitoring data from sensors, and genomic data to help
make medically relevant predictions.

/ Artificial Intelligence
e Machine learning

LR, Lasso & Ridge
Decision tree
Bagging(Random forest)
Boosting(xgoosting)

\ \ SVM ...

~

» Deep learning —

ANN, CNN, DNN
RNN, LSTM, GRU
RETAIN
\_ GAN ...

~

Y

Machine Learning

& — | 1737 [l

Input Feature extraction Classification Output

Deep Learning

& - 33 - Il

Input Feature extraction + Classification Output




CENTRAL ILLUSTRATION Study Overview 100 R GE =593 ]

In-hospital death
Predig,tiéﬁ of In—Hospital Mortality
All-cause death P
~ P =084]
at 180 Days a - Imsu-u.n)
-~ — Machine Learning (ML)

Sensitivity
8

+

Single center

2004-2013
ok ] ] — Logistic Regression (LR)
20 14_0 Speclﬂcsl':y 80 100
14,349 CV death 100,
Percutaneous e~ oz gy P
coronary - s
interventions i

-

HF death
at 180 Days
-~ P =0.02
HF readmission = e - Mmlﬂ:l::::::sm
at 30 days 2 — Logistic Regression (LR)

L

Sensitivity

20 40 60 80 100
1 - Specificity

Leveraging Machine Learning Techniques to Forecast Patient

Prognosis After Percutaneous Coronary Intervention (PCI)
Mayo Clinic, PCI registry, Zack, C.J. etal., JACC (J Am Coll Cardiol Intv) 2019

3
. . . . ol Predicti’gnfb'f’éo—day HF Readmission
This study sought to determine whether machine learning can be of s
used to better identify patients at risk for death or congestive | 2 = fetokeemhy o1,

heart failure (CHF) re—hospitalization after PClI * Cspeccry
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