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Motivation

Why do we need causal inference?

m Effect of a ‘new medicine’ on ‘blood pressure’ of patients.
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Motivation

Why do we need causal inference?

m Effect of a ‘new medicine’ on ‘blood pressure’ of patients.
m Effect of ‘air quality’ on ‘asthma attack’.

m Effect of ‘smoking’ on ‘cancer’.

m Effect of ‘coronary heart disease’ on ‘mortality’.

m Effect of ‘fertilizer’ on ‘crop yield’

Typical regression would give a biased estimand because of confounders.

Trong Nghia Hoar Yun Leong Adaptive Multi-Source Causal Inference, CIKM 2022 2/ 17



Motivation

‘% Particulate matter
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Two approaches to estimate causal effects:
m Randomized control trial

m Inference from observational data

o Potential outcomes framework (PO) (Rubin, 1974, 1975, 1976, 1977,
1978; Rosenbaum & Rubin, 1983)
o Structural causal model (SCM) (Pearl, 1995, 2000)
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Motivation
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Problem:
m Observational data in a specific population might be scarce.

m For example:

o Vaccination data of the elder in a country might be scarce and much less
than the younger.
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Motivation

m Estimate causal effects in a target population with scarce data observation

Population A Population B
(source) (target)
- -
Sufficient data observations Scarce data observations

Combining data might lead to poor causal estimands.

Observed Latent With Randomized
confounder confounder transfer data
Louizos et al. (2017) [
Madras et al. (2019) o
Without  Hill (2011) )
transfer Shalit et al. (2017) (]
Kiinzel et al. (2019) o
(to name a few)
Bareinboim & Pearl (2014) o
With Bareinboim & Pearl (2016) o
transfer Aglietti et al. (2020) (V] o
AdaTRANS (proposed method) o o
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Causal quantities of interest

m t: target population
e m 8 = {s1,s9,..., 5, }: collection of source populations
‘ m y9: the outcome
@ @ @ m w?: the treatment
vd e {t}US m z%: the latent confounder

m x9: the covariate
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Causal quantities of interest

m t: target population
e m 8 = {s1,s9,..., 5, }: collection of source populations
‘ m y9: the outcome
@ @ @ m w?: the treatment
vd e {t}US m z%: the latent confounder

m x9: the covariate

We estimate

ite(z) = E[y'|do(w" = 1),x' = 2] — E[y*|do(w" = 0),x" = 7]
ate = Ex[ite(X)]
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The proposed method

[Expectation of the outcome given intervention on wt: E[y}|do(w}), xz]]
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The proposed method

[Expectation of the outcome given intervention on wt: E[y}|do(w}), xz]]
¥

Backdoor adjustment
p(yildo(w}), xt) = [ p(yt|wt, 2}) p(zt|x}) dzt
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The proposed method

[Expectation of the outcome given intervention on wt: E[y}|do(w}), xz]]

¥
Backdoor adjustment
p(yldo(wt), xt) = [ p(ytlwt, 22) plzt[xt) da
¥

1°! transfer level
p(z|x;, vi, wi) & plyi|w;, 2;)

274 transfer level
p(y; x5, wy)

37? transfer level
p(w;|x})
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The proposed method

[Expectation of the outcome given intervention on wt: E[y}|do(w}), xz]]

¥
Backdoor adjustment
p(yldo(wt), xt) = [ p(ytlwt, 22) plzt[xt) da
¥

1°! transfer level
p(z|x;, vi, wi) & plyi|w;, 2;)

‘ 274 transfer level

‘ 37? transfer level

p(y; x5, wy) p(wi|x})
Y ¥ 17
[Variational inference} {Maximum likelihood} [Maximum likelihood}
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The proposed method

[Expectation of the outcome given intervention on wt: E[y}|do(w}), xz]]

¥
Backdoor adjustment
p(yldo(wt), xt) = [ p(ytlwt, 22) plzt[xt) da
¥

1°! transfer level
p(z|x;, vi, wi) & plyi|w;, 2;)

274 transfer level
p(y; x5, wy)

37? transfer level
p(w;|x})

Y 17
[Variational inference} {Maximum likelihood} [Maximum likelihood}

¥
Augmented representer theorem estimator

J=L+ ZC’YCHfCHE{C-
fe: functions that modulate the above distributions

Hec: a reproducing kernel Hilbert space (RKHS)
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The proposed method

[Expectation of the outcome given intervention on wt: E[y}|do(w}), xz]]

¥
Backdoor adjustment
p(yldo(wt), xt) = [ p(ytlwt, 22) plzt[xt) da
¥

1°! transfer level
p(z|x;, vi, wi) & plyi|w;, 2;)

27¢ transfer level
p(y; x5, wy)

‘ 37? transfer level

p(wjlx;)

Y ¥ 17
[Variational inference] {Maximum likelihood] [Maximum likelihood]

¥
Augmented representer theorem estimator

J=L+ ZC’YCHfCHE{C-
fe: functions that modulate the above distributions
Hec: a reproducing kernel Hilbert space (RKHS)
7
Transfer kernel function
d d .
(v v) = ALk (v ¥E2),if di # da,
lcc(vdl de) otherwise.

di

v,

vj2. input vectors to the kernel function
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The proposed method

The transfer kernel function

2), if di # da,

d],djg ~/

The transfer factor A@1:92) is learned.
m \9092) = (0 no transfer
m \d0d2) — 1. fully transfer
m 0 < A@vd2) < partially transfer

15t Jevel: A(t9)

2”d level: §(ts)
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Experiments

The aims of experiments

m We study the performance when the sources’ distributions and the target’s
distributions are similar/different.

m We illustrate the performance when the similarity of sources and target slowly
changes.
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Experiments

Datasets

m Synthetic data
o Simulate based on a ground truth causal graph.

z3 ~ N(0, 021,),
$d. ~ Bern(p(ag;+(z d)Talj))7
ws ~ Bern(p(bo+(2¢) 'bY)),

Vdeus Y (0) ~ N(C(co+(z]) " cf), 07),
yd(1) ~ N(¢(do+(2d) Tde), o2).

o We keep x¢, wd and either y¢(0) or y¢(1) as observed data.
o bl, cl, d1 are set differently on each population d.
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Experiments

Datasets
m Twins data

o Study the impact of twins’ weight (treatment) on their mortality
(outcome).
o Source data: 1594 entries, Target data: 457 entries
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eriments

Evaluation metrics
m Precision in estimation of heterogeneous effects (PEHE) (Hill, 2011)

2
EPEHE = E[( (y1 —yo) — (91— Do) ) ]
True ITE Estimated ITE

m Absolute error

EATE = ‘E(yl —90) — E(§1 — 9o) ‘
True ATE Estimated ATE
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Experiments

The importance of adaptively causal transfer

bt =[1.1,1.7]", ct=[1.5,1.8]", dt=[1.5,2.8]"
=b 4+ A%[1,1]", oS =ci+A°[1,1]T, S=di+A%[1,1] T

We vary A® € {0.0,0.5,1.0,1.5,2.0} to obtain different instances of the source data.

The error of ATE, € The error of ITE, /e Transfer factor
0 P CATE 45 PEH 0.93 : :
25 - \(I\IfiA\S % 4.04 ~B AdaTRANS % 0.5 o . + A(“';
Full transfer Lo | X Full transfer S
@20 ) Lﬁ ;[; ~O- No transfer X E 0.77 ?_ _g‘ _Q ,](ls)
Q 1.5 {@—o—o-<—0—0 E . 5 0.69 O ’O
“ 10 o g 2 X Z 061
: 20{@—0—<“0—0—0 = o
0.5 l_:/./l—-l 15 X & 0.53 o
.0 1.0 T T T 0.45 T T T T
0.0 0.5 1.0 1.5 20 0.0 05 1.0 1.5 20 0.0 05 1.0 1.5 20
Source-Target discrepancy, A® Source-Target discrepancy, A® Source-Target discrepancy, A®
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Which transfer level is the most important?

The error of ATE, eATR

0.90
0.75
0.60
0.45
0.30
0.15

€ATE

0.00 = T
0.0 05

Source-Target discrepancy, A®

—@— AdaTRANS (Adaptive transfer)
X~ Without 1°* transfer level (A9 = 0)
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The error of ITE, |\ /(PRAR

16
15 5
14 W a

‘PEHE

0.0 0.5 1.0 1.5 2.0
Source-Target discrepancy, A®

~A— Without 2" transfer level (69 = 0)
O~ Without 3" transfer level (9 = 0)
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Experiments

Performance analysis: compare with the baselines (Lower is better)

Method The error of ITE (\/epgHE) The error of ATE (eaTE)

O-source 2-sources 4-sources 0O-source 2-sources 4-sources

CEVAEgtacc  3.1+.30 4.6+.39 4.84.40 1.74.29 2.8+.30 2.5+.26
CFRNetgpac 4.6+.51 8.9+.50 6.0+£.19 1.64.41 6.14+.48 4.04.17
SITEgtack 6.04.98 8.94.61 7.5+.60 3.3+.67 6.4+.79 5.04.76
BART a0k 2.54.06 2.34+.03 2.2+.06 1.2+.13 0.7+.08 0.64.09
R-learnergpacy 3.04.27 2.2+.11  1.84.09 1.4£.35 1.24.17 1.04.10
X-learnerggacx 2.04.13  2.24.12  1.94.13 1.04.17 1.0+.11 1.1+.13
OrthoRFgpaci  6.24.40 2.4+.03 2.24.03 1.24.37 0.54.08 0.6+.06

CEVAE{_pot — 5.0+.43 3.3+.12 — 3.14.42 1.94£.23
CFRNetq_1,0¢ — 4.44.26 3.3+.21 — 3.3+.26 2.1+.17
SITE1 pot — 5.84.99 3.24+.25 — 3.44.67 2.1+.21
BART ot — 2.34.03  2.24.04 — 0.74.10  0.4+.10
R-learner;_po¢ 2.04.07 1.7+.15 0.84+.15 0.8+.20
X-learnery o =~ — 1.9+.12 1.84.10 — 0.74.13  0.6+.12
OrthoRF{_pot — 5.54.30 4.1+.16 — 3.94.22 2.6+.17

AdaTRANS 1.6+.09 1.3+.03 1.3+.02 1.1+.13 0.24+.05 0.1+.03

B The range of true ATE: (1.51, 1.87).

B The range of true ITE: (-5.69, 13.14).
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Experiments

m Twins data
o Study the impact of twins’ weight (treatment) on their mortality
(outcome).
o Source data: 1594 entries, Target data: 457 entries

The error of ATE The error of ITE
7 33.5
6 33.0
o5 ¥ ,Z X 325 o
E 4 v g % 32.0 x X X
£ —_ ¥ o |[BasPeox
: v
¢ f O-8—0-8 ¢ o = ‘3’;2 g v v v
0 - T T T T T 30.0 = T T T T T
00 05 1.0 15 20 25 00 05 10 15 20 25
Source-Target discrepancy, A® Source-Target discrepancy, A®
=@~ AdaTRANS V— SITE X X-learner
<>~ CFRNet P>~ CEVAE  =@— OrthoRF
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m We developed an adaptive method that estimates causal effects for a target
population whose data is scarce.

The proposed method required no prior information about the discrepancy
about the source and target population.

m We assume that the source and the target share the same causal graph, but
different structural equations.

Limitations:

o Causal effects in each population are identifiable.
o The populations share similar causal graph & data features.
o The confounders are independent and identically distributed.

m Future direction: allowing in the target population to be unidentifiable and
have different set of data features.
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