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Disjunctive Cause Criterion

Pretreatment Criterion: Z#Z2WNWE LI FIZTZATLED,
Common Cause Criterion: H LG ZE#HEZLYZIZLTLED,

—Disjunctive Cause Criterion: EZFZ#HT&HEB=-770—F

KRBELYEICAESNA-ZEHRT. RE-TIOMLLWT AL
RETHNITHET S

CO770—FZzRAWSE, EBOFITHEY I SRBELEHZEIR
L./ \AMF7RZzEIEETHENTES,

Vs (U) A Y

6
European journal of epidemiology. 2019 Mar;34(3):211-9.



Modified Disjunctive Cause Criterion

Modified Disjunctive Cause Criterion
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Modified Disjunctive Cause Criterion

Modified Disjunctive Cause Criterion
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Causal Assumptions
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Option 1. Draw DAG of your own research

Option 2. Draw DAG of the following paper

Abstract
We used marginal structural models to evaluate associations of social support with antepartum
depression in late pregnancy, if everyone had had high social support both before pregnancy and
during early pregnancy, compared with having low social support at one of the 2 time points or
low social support at both time points. In 2012-2014, pregnant Peruvian women (n = 3,336)
were recruited into a prospective cohort study (at a mean gestational age of 9 weeks). A follow-
up interview (n = 2,279) was conducted (at 2628 weeks of gestation). Number of available
support providers and satisfaction with social support were measured using Sarason Social
Support Questionnaire—6. Depression was measured using the Edinburgh Postnatal Depression
Scale. Low number of support providers at both time points was associated with increased risk
of depression (odds ratio = 1.62, 95% confidence interval: 1.12, 2.34). The association for low
satisfaction at both time points was marginally significant (odds ratio = 1.41, 95% confidence
interval: 0.99, 1.99). Depression risk was not significantly higher for women who reported high
social support at one of the 2 time points. Our study reinforces the importance of assessing
social support before and during pregnancy and underscores the need for future interventions
targeted at increasing the number of support providers to prevent antepartum depression.
American journal of epidemiology, 187(9), pp.1871-1879.
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Recap of Probability function

1. Product decomposition
P(A,B,C,D) =P(A|B, C, D) P(B, C, D)

- P(A[B, C, D) P(B|C, D) P(C, D)
= P(A|B, C, D) P(B|C, D) P(C|D)P(D)

2. Conditional Probability
P(A,B|C,D)

— P(A,B,C,D)/P(C,D)
= P(A|B,C,D)P(B|C,D)P(C,D) /P(C,D)

— P(A|B,C,D)P(B|C,D)
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Recap of Probability function

3. Independence
P(A, B| C) = P(A|B, C)P(B|C) = P(A)P(B|C) when P(A|B, C)=P(A)
P(A, B| C) =P(A|B, C)P(B|C) # P(A|C)P(B|C) when P(A|B)=P(A)

4. Marginalization
P(A) 2., P(B) = P(A)
Y, P(A|B)P(B) = P(A)
2b,c P(A B, C) =P(A)
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Inverse probability of treatment weight
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v

ATE (Average Treatment Effect)
(b LRBMEREZTEL? RESZT A7 ? ]

ATT (Average Treatment Effect on the Treated)
(D LR L 2NV — T 0 IREI N ad o726 ? |

ATU (Average Treatment effect on the Untreated)
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Inverse probability of treatment weight
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EAHADE
i P(T=1) _ (200+800)/(2000) —15
4 P(T=1|C=1)  200/(200+400) -
# & P(T=0) __ (400+600)/(2000) _ .

400/(200+400)

ii P(T=0|C=1)

ﬁiii P(T=1) _ (200+800)/(2000) _ 0.875
iiii P(T=1|C=0)  800/(800+600) T

E'""'--m._ﬁ iﬁ P(T=0) _ (400+600)/(2000) =1.17

600 /(800+600)

i ii P(T=0|C=0)
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Inverse probability of treatment weight
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Inverse probability of treatment weight

P(YT) = z P(YT| C)P(C)
C
— Zc P(YlT} C)P(C) G-formula: Empirical Analogue

o P(YT.0

B P(Y,T,C)
= L P(T|C)P(C) P(C)

= >.P(Y,T,C) X

1
P(T|C)

Inverse probability Weizght




Inverse probability of treatment weight

| Non-stabilized IPW | Stabilized IPW

2T\ 1/P(T|C) P(T)/P(T|C)
Pseudo-population Original ® 2 1% Original® 1 1&
IPW D 15 2.0 1.0
PSH/hNEWF—ZD REWL

BN RELBYPT W & Y]
Type | error RKELARYPT L E Y]

 Stabilized IPW <
Original sample size & [d] U
PSH/NE WT — X DB R D7
SECeType | error 2@ L) iC
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Inverse probability of treatment weight
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Inverse probability of treatment weight
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Inverse probability of treatment weight
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Inverse probability of treatment weight
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Standardized difference %
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G-computation

P(YT) = Z P(YT| C)P(C)
C
— Zc P(YlT} C)P(C) G-formula: Empirical Analogue
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G-computation
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G-computation
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Parametric g-formula

E(YT1T2)
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G-computation
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Q1 : IPTWIZ ?
Q2 : G-computationZHWAIGERIIEDFHETINVEZES ?

ABERINLET—21BE BT, T, Cy, C, 6 HEEZTHEVIGE

C,  F#s, M5,
T & A& BEETE, C,:LDL-C

C, (&8, 1R,
o ENARTE BELTE, C,:LDL-C
LDL-C > 1 E%740-) LDL-C (1 &#7+0-)
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Estimating the impact of sustained social participation
on depressive symptoms in older adults

(A) Analysis of social participation at baseline

Causal Contrast of Interest
1. Prevalence Difference

Prryo™ = 1] = Pr[v™ = 1]

2. Prevalence Ratio

Pryyo™ = 1]
Pr[y =" = 1]

(B) Analysis of time-varying social participation from two time points

e
Ly — > Ay — L, —> A,
e =

Causal Contrast of Interest
1. Prevalence Difference

Pr[yle=t®=t = 1] — pr[yfe=04=0 = 1]

2. Prevalence Ratio

Pr[yau=1.a1=1

) |

1
Pr[yzaE,:D.al =0 1J

Epidemiology 32(6):p 8¥6-895



Type of Social Participation

Sustained social participation may be a key for long-term

prevention of depressive symptoms among older adults.

———
_e_
Any Activity 1 .
" 5 Hypothetical Intervention
Sports 1 — —e—A ¢ Participation in 2010
o ¢ No participation in 2010
* o ® Participation in 2010 and 2013
Volunteer = + Participation in 2013 withholding participation in 2010
B o + Participation in 2010 withholding participation in 2013
HobE: —— —G—A b Never participated
—a—
“— = Analytic Approach
Local Community 4 A ’ Baseline exposure
Y —
ied # Time-varying exposure
S
Senior Club 1 — i
—8-
0.18 021 024 0.27

Estimated Prevalence of Depressive Symptoms in 2016

Epidemiology 32(6):p 886-895



Inoue et al I
BMC Medical Research Methadology (2022) 23:1.20 BMC MEdrij:‘al IE'E%E‘? n:h
https://doiong/10.1186/512874-022-01563-3 ethodo Ogy

RESEARCH Open Access

Bias amplification in the g-computation =

algorithm for time-varying treatments: a case
study of industry payments and prescription
of opioid products

Kosuke Inoueu', Atsushi Gutoz, Naoki Kondo'* and Tomohiro Shinozaki®

-

Opioid prescribing rate in 2016, ()pwld prescribing
Physician-level characteristics (X ,) rate in 2017 (X;)
(Patient-level characteristics )m
Receipt of industry marketing Recelpt of industry marketing Opioid prescribing
for opioids in 2016 (T) Jor opioids in 2017 (T',) rate in 2018 (Y)

Receipt of industry /

marketing for
non-opioids in 2016 (X)

Fig. 1 Causal diagram assumed for example about the effect of industry marketing for opioid preducts on physicians’ opioid prescribing rate
Patient-level characteristics were not available in the Open Payments data

52



Estimating the joint effect of diabetes and subsequent depressive

symptoms on mortality among older Latinos

Baseline covariates
age, sex, country of birth, education Follow-up (time-varying) covariates

levels, married, smoking, alcohol, BMI. waist circumference

Y

occupation, physical activity, BMI, hypertension, cardiovascular disease,

waist circumference, hypertension, statin prescription.
cardiovascular disease, statin
prescription, LDL cholesterol,

depressive symptoms (at enrollment)

Y v

Diabetes

Depressive symptoms . Cardiovascular death
(at enrollment)

(at follow-up) All-cause death

Y

Annals of Epidemiolégy. 2021



Introduction

» Depression is a well-known factor closely associated
with diabetes, CVD, and mortality.

Lancet Diabetes Endocrinol. 2015;3(6):461-471
Nat Rev Cardiol. 2017;14(3):145-155

» The prevalence of depression in people with type 2
diabetes is almost double compared to people without

labetes.
diabe Diabetes Care. 2001;24(6):1069-1078

» Psychosocial stress is the third contributing factor to
the attributable risk of acute myocardial infarction
(approximately 30%) after lipids and smoking.

Lancet. 2004,;364(9438):937-952
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Fatal CVD event

Sy psomicy  we
» Our recent meta- . L e
analysis showed the Brce 205 = s 1En 170
association between
depression and >as020,530 57
cardiovascular o T enan um
mortality [RR=1.44] oo (g =omip=arn | O 19175 1009

T T
189 1 53

J Diabetes Complications . 2020;34(12):107710.

» However, all studies did not clarify the temporal ordering
of diabetes and depression

To estimate the joint effect of diabetes and subsequent

depressive symptoms on cardiovascular and all-cause
mortality using marginal structural models.

55



Study population & Measurement

» The Sacramento Area Latino Study on Aging (SALSA)

» 1495 participants had data on diabetes and potential
confounders at baseline.

» Exposure: Diabetes

» Mediator: Depressive symptoms defined by The Center
for Epidemiologic Studies Depression Scale (CESD) =216
or taking antidepressant.

» Outcomes: All-cause mortality, cardiovascular mortality
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Causal Diagram

Baseline covariates
age, sex, country of birth, education
levels, married, smoking, alcohol,

occupation, physical activity, BMI > . . .
] P ] P S " hypertension, cardiovascular disease,
waist circumference, hypertension, . -
’ and statin prescription.

statin prescription, LDL cholesterol,
(CESD), 3MSE.
A 4 v

Diabehj:s ,  Depressive symptoms > CVD death
(at baseline) (at follow-up) All-cause death

S~ -

57

Follow-up (time-varying) covariates
BMI, waist circumference,




Statistical analysis

» Marginal structural model (MSM) approach to
estimate the joint effects of diabetes and depressive
symptoms on cardiovascular and all-cause mortality.

» Cox proportional hazards models were applied using the
final weight and adjusting for potential confounders.
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Marginal Structural Model

Covariates Covariates

. (at baseline) (at follow-up)
Inverse probability of

treatment weighting (IPTW)

_ _ priDMy]
pr[DM;|Cov,]
pr[Dep,] | ]
[D | DM,,C C Diabetes Depression
priTepe vCovy,Covy] (at baseline) (at follow-up) Death

Robust 95% confidence intervals were estimated by
1,000 bootstrapped samples.
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Q: G-computationZFHWBIZERIIEDFHETNZES ?

Baseline covariates
age, sex, counfry of birth, education
levels, married, smoking, alcohol,

occupation, physical activity, BMI, > . . .
.p- ) P o " hypertension, cardiovascular disease,
waist circumference, hypertension, : I
’ and statin prescription.

statin prescription, LDL cholesterol,
(CESD), 3MSE.
\ 4 v

Diabetes

Follow-up (time-varying) covariates
BMI, waist circumference,

) . Depressive symptoms > CVD death
(at baseline) (at follow-up) All-cause death

S~ B
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Results

SALSA cohort
(n=1,789) Participants excluded (n=294)

* No information on BMI at
enrollment (n=161)

* No information on physical activity
at enrollment (n=90)

* No information on LDL at
enrollment (n=22)

* No information on occupation at

enrollment (n=15)

Partic ipants with * No information on waist
baseline characteristics circumference at enrollment (n=6)

(final analytical sample;

n=1,495)
Participants without information at
the first follow-up visit (n=359)*
*  No information on CESD at the first
follow-up visit (n=337)
*  No information on BMI at the first
follow-up visit (n=18)
* * No information on waist
PartiCip'dntS with baseline circumference at the first follow-up
characteristics and information visit (n=4)

on metabolic disorders at the
first follow-up visit
(n=1,136)

The flow of study population
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We did not find the interaction between diabetes (at baseline)
and depressive symptoms (at baseline) for mortality.

Outcomes Cardiovascular mortality All-cause mortality
Elevated
Diabetes at depressive | Number of Adjusted HR Number of Adjusted HR
enrollment symptoms at Events (95% CI) Events (95% CI)
enroliment
No No 62/724 Ref 111/724 Ref
Yes No 78/318 | 2.56 (1.75t0 3.65) | 106/318 | 2.12 (1.59 to 2.87)
No Yes 40/283 | 1.38 (0.86 to 2.18) 67/283 1.29 (0.94 to 1.79)
Yes Yes 38/170 | 2.22(1.39t02.18) | 57/170 | 2.12 (1.491t0 3.16)
HR for the interaction term 0.64 0.78
(multiplicative scale) (0.3510 1.18) (0.48 to 1.27)
RERI -0.68 -0.26

(additive scale)

(-2.00 to 0.48)

(-1.23 to 0.59)
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Diabetes (at baseline) and subsequent depressive symptoms
(at follow-up) were jointly associated with CVD mortality.

Outcomes Cardiovascular mortality All-cause mortality
Elevated
Diabetes at depressive | Number of Adjusted HR Number Adjusted HR
enrollment | symptoms at Events (95% CI) of Events (95% CI)
follow-up
No No 50/601 Ref 86/601 Ref
Yes No 43/249 1.82 (1.12 to 3.02) 64/249 | 2.10 (1.36 to 3.30)
No Yes 21/179 1.09 (0.46 t0 2.17) 38/179 | 1.13 (0.65 to 1.88)
Yes Yes 34/107 |5.78 (3.02t0 11.97) | 43/107 | 4.32(2.41to 7.31)
HR for the interaction term 2.94 1.80
(multiplicative scale) (1.07 to 8.39) (0.81 to 4.35)
RERI 3.79 2.02

(additive scale)

(1.05 to 9.81)

(0.01 to 5.08)
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Diabetes at baseline and
Depressive symptoms at
baseline without adjusting
for time-varying confounders

Hazard ratio of
cardiovascular mortality
O P N W A 01 O

I
m B I i

DM (-) DM (-) DM (+) DM (+)
Dep (-) Dep (+) Dep (-) Dep (+)

Diabetes at baseline and
Depressive symptoms at

follow-up with adjusting for . . I

time-varying confounders DM (-) DM (-) DM (+) DM (+)
Dep (-) Dep (+) Dep (-) Dep (+)

O B N W » 01 O

Hazard ratio of
cardiovascular mortality
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Possible mechanisms

[ Diabetes } { Depressive symptoms }

/ Biological mechanisms \ /Behavioral mechanisms\
-Elevated catecholamines -Low physical activity
-Inflammation -Poor adherence
-Endothelial dysfunction -Smoking
-Platelet dysfunction -Alcohol
-Altered autonomic nervous \ -Poor diet /

\ system activity J

Cardiovascular death }

Nat Rev Cardiol 14, 145-155 (2017).
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Summary

» After controlling for time-varying confounders, diabetes
and subsequent depressive symptoms were jointly

associated with cardiovascular mortality.

» Mental health management after a diagnosis of diabetes
may be critical to promote cardiovascular health among

older Mexican Americans.
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Low HbA1c levels and all-cause or cardiovascular

mortality among US adults

PP International Journal of Epidemiology, 2021, 1373-1383

IE Q }‘ doi: 10.1093/ije/dyaa263
"I' Advance Access Publication Date: 30 December 2020
..................................... - Original article

Miscellaneous

Low HbA1c levels and all-cause or cardiovascular
mortality among people without diabetes: the
US National Health and Nutrition Examination
Survey 1999-2015

Kosuke Inoue,'* Roch Nianogo,' Donatello Telesca,” Atsushi Goto ®,
Vahe Khachadourian,* Yusuke Tsugawa,®® Takehiro Sugiyama,’®
Elizabeth Rose Mayeda ® ' and Beate Ritz'*"°

3

Low C?

HbAlc °

Int J Epidemiol . 2021;dyaa263.

Cardiovascular and
all-cause mortality
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Introduction

» Glycated hemoglobin (HbAlc) is one of the biomarkers
to diagnose and manage diabetes.

» Previous studies showed the association between low
HbA1lc and the increased risk of death.

Association between HbA1c and all-cause mortality among participants without diabetes

o | =
T o
= — | ©
N
o
o | =
P -8
=)
—_
78 o
i L -3 2
v o [l © 8
S & & S
. - r8 8
S © *
) &
£ - n = @
[ = =)
A L=t oe 115 B
s ___-;___.':'.':-‘::';:;;‘_"_'""' SRR J Clin Endocrinol Metab.
R o

——— — — el 2019;104(8):3345-3354
4.50 5.02 5.38 6.00 6.49
(b) Levels of HbA1c (P for nonlinearity = 0.04)
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» Several factors (e.g., socioeconomic status, diet,
exercise, biomarker, comorbidities, and medication)
are associated with both HbAlc and mortality.
Lancet. 2016;387(10027):1513-1530.

» It is often challenging to integrate all these
dimensions and accurately infer the causality
among these factors, HbAlc, and adverse health
outcomes, using traditional statistical methods.

To elucidate the causal relationship between low HbAlc

and all-cause or cardiovascular mortality using machine
learning within the causal structural framework.
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National Health and Nutrition Examination
Survey (NHANES)

» Alarge-scale, multistage, nationally representative survey
of the civilian noninstitutionalized population in the US.

» Structured interview data and physical examination results
are released in two-year cycles.

» This study included 39,453 participants aged =20 years in
the NHANES 1999-2014 linked to mortality data in 2015.
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Measurement of variables

» EXposure:
Low HbAlc, 4.0-4.9%
Mid-level HbAlc, 5.0-5.6%
Prediabetes, 5.7-6.4%
Diabetes, >6.5% or

taking antidiabetic therapies

» Covariates:. Demographics, social, lifestyle, and clinical
iInformation (72 variables selected through DAG).
Missing data were imputed by random forest.

» Qutcomes: All-cause mortality, cardiovascular mortality
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Causal diagram

Demographic characteristics & Lifestyle & Diet

Age Smoking

e e »  Alcohol intake
Racez’EthmmFy I Physical activity
Country of birth

"

' -~ _-_--L'."'-—.___ _
— o i — S
e \ —
o — T

T HbAlc __, Allcause/CVD
\ (average glucose) . mortality

v N A

‘ [Diet] s
-Total calorie

Education “Total protein
Insurance

Marital status > -¥0tal T EE ———»  (Malnutrition)
-Total fat

Income -Total fiber

-Iron

-Vitamin B1, B2, B3, B6, B9,B12, C, K
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Parametric g-formula in survival analysis

» Parametric g-formula algorithm was used to estimate the
risk of death at 5 and 10 years under each HbAlc group.

Fit the outcome prediction models
using the exposure and covariates

  / /

Predict the values of the potential outcomes

under a hypothetical intervention on the exposure

Estimate the average marginal effect of
exposure on outcome (risk ratio, risk difference)

 Tbemenottonefasi mOTERS
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Parametric g-formula in survival analysis

Application Steps
Step 1. Arrange data with a person-time structure.

ID Month HbAlc Mortality
0 Low 0
1 Low 0
1 59 Low 0
1 60 Low 1
2 Mid-level 0
2 1 Mid-level 0
149 Mid-level 0
2 150 Mid-level 0
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Parametric g-formula in survival analysis

Application Steps
Step 1: Arrange data with a person-time structure.
Step 2: Parametric estimation of conditional hazards

logit Pr[Y,,;=1]Y,=0, A, L] = 6, + 6,A + 6,Ak + 6,Ak2+ 6,1

(6ox = 6y + Ok + 65k?)

.
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Parametric g-formula in survival analysis

Application Steps
Step 1: Arrange data with a person-time structure.
Step 2: Parametric estimation of conditional hazards

Step 3: Create copies of the original sample under
hypothetical intervention on the exposure.
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Parametric g-formula in survival analysis

Application Steps
Step 1: Arrange data with a person-time structure.
Step 2: Parametric estimation of conditional hazards

Step 3. Create copies of the original sample under
hypothetical intervention on the exposure.

Step 4: Using the model in step 2, calculate the potential
outcome under each hypothetical intervention.
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Parametric g-formula in survival analysis

Application Steps
Step 1: Arrange data with a person-time structure.
Step 2: Parametric estimation of conditional hazards

Step 3. Create copies of the original sample under
hypothetical intervention on the exposure.

Step 4: Using the model in step 2, calculate the potential
outcome under each hypothetical intervention.

Step 5: Computation of weighted average of survivals

» Robust 95% confidence intervals were estimated by
repeating the analysis on 1,000 bootstrapped samples.
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Results

» Mean age: 49.5 years

» Male: Female = 1:1

» Median duration of follow-up: 7.5 years

» All-cause deaths: 5,118 (13%)
Cardiovascular deaths: 1,116 (3%)

» Low HbA1c group were more likely to be younger, female,
Non-Hispanic White, highly educated, and never smoker

» Prediabetes and diabetes group were generally older,
Non-Hispanic Black, less educated, smoker, and have
comorbidities.
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Low HbA1c showed increased risk of
all-cause mortality

—5

Survival from all-cause mortality

{ 7 3 4 = ; 7 : ! 10
Years

— 4,010 =5.0% 5.0 to =5.7% 5.7 to =6.5% - 6,5%-

Follow-up periods

Low HbAlc vs Mid-level HbAlc
S years 10 years

Adjusted risk ratio (95% CI) 1.30 (1.16 to 1.48) 1.12 (1.03t0 1.22)

Adjusted risk difference (95% CI) | +1.83% (1.02 to 2.97) | +1.66% (0.35 to 3.00)
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The association between low HbAlc and all-cause
mortality was larger among females

Male Female
1.00- 1.00-
z z
Eo.g go_g
=§ 0.90- t=§ 0.90-
g g
gU.SE _(_EUU.SE-
0 1 Ye; - 8 10 0 1 Ye; - 8 9 10
Low HbAlc (4.0 to <5.0) Low HbAlc (4.0 to <5.0)
-------- Mid-level HbAlc (5.0 to <5.7) -===e== Mid-level HbAlc (5.0 to <5.7)
Low HbA1c vs Mid-level HbAlc Follow-up periods
Adjusted risk ratio (95% CI) 5 years 10 years
Male 1.11 (0.88 to 1.32) 1.07 (0.96 to 1.22)
Female 1.61 (1.30 to 1.90) 1.21 (1.04 to 1.40)

82




Possible mechanisms

» Poor health status among people with low HbAlc (&%

- S
- malnutrition ’{*5,'
- unfavorable profiles of red blood cell related factors
- Inflammation

. . o
- decreased liver function ’
- an early stage of chronic disease

» Hypoglycemia Py -
= sympathoadrenal activation, inflammation, //

and endothelial dysfunction '

= chronic disease and cardiometabolic diseases.
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Summary of this study

» Using the large national database of US adults, we found
that low HbAlc was associated with increased risk of

all-cause mortality at 5 and 10 years of follow-up.

» The association was stronger among females than

males, particularly at 5 years

» Our findings highlight that low HbAlc among people

without diabetes may need to be carefully monitored.
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