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1. Randomized Experiments



Gender bias in graduate admissions

» UC Berkeley admissions in 1973 (Bickel etal, | cuu s
1975)

e Admission rate lower for female than male

Male Female E

Admission Admission .

Appli Appli s

pplicants rate pplicants ate
8442 44% 4321 35%

* Female applicants tend to apply for more
competitive majors (confounder)

Bickel, P. J., Hammel, E. A., & O'Connell, J. W. (1975). Sex Bias in Graduate Admissions: Data from Berkeley: Measuring bias is harder than is usually assumed, and the evidepnce is
sometimes contrary to expectation. Science, 187(4175), 398-404.



Potential outcome

 Elements of Rubin causal model:
population, treatment, outcome,
assignment mechanism

* Treatment: Z

* Potential outcome: Y,(1), Y,(0)

* “No causation without manipulation”
* Individual treatment effect: Y,(1)-Y,(0)

* Individual treatment effect is not
identifiable

Holland, P. W. (1986). Statistics and causal inference. Journal of the American statistical Association, 81(396), 945-960.



Randomization

* Basic assumptions

 Stable unite treatment value assumption (SUTVA):
* Only one version of treatment —Y,(1), Y,(0) are well-defined
* No interference —Y(z,,...,z,) = Yi(z,)

* Consistency: Y, =Y,(Z) = ZY,(1) + (1-Z)Y,(0)
* Randomization: Z, L (Y,(1), Y.(0))

* “Golden standard” of evaluating treatment effects — other factors
than treatment are balanced



Finite sample

* N individuals
* Finite-sample ATE:

N
_ _ 1
7 = V(1) = 7(0) = ) (%(1) = %,(0))
=1

* An estimator (difference-in-means):

ffs — _tObS_YCObS :l z Yl_i z Yl
Ny Ne

1:Z;i=1 1:Z;=0



Difference-in-means estimator

* Potential outcomes (Y,(1), Y,(0)) are “fixed”; the only randomness
comes from treatment assignment Z

 Unbiasedness:
E(trs|Y(1),Y(0) =1

e Variance: , ,
St S&  S&
var(t..|Y(1),Y(0)) =—+———
( fS‘ ) Nt NC N

* S7 is the variance of Y,(1), S2 is the variance of Y,(0), estimable

* SZ. is the variance of Y,(1)-Y,(0), not estimable



Neyman variance

e If the individual treatment effect is constant, SZ. = 0

* Neyman Variance estimate for 7y:

2 2
P =-t+
N, N,

* If the individual treatment effect is not constant, the Neyman
variance is conservative



Super-population

* Assume the N units are a random sample from a super-population of
size Ny,

e Super-population ATE:
1 &

T = 7— ) (H(1) = %i(0)} = E{%(D) - %(0))

P =1
* Due to random sampling,

1
E(zyalV (D, ¥(0)) = % ) ERD() = %i(0)} = 74,
=1



Difference-in-means estimator

* Unbiasedness:
E(t:s|Y(1),Y(0)) = 74,
* Another source of randomness: random sampling

* Variance of T,:

A of | 0¢
VaF(TfS‘Y(l), Y(O)) — F + N_
t c

* o/ is the variance of Y,(1), o2 is the variance of Y,(0), estimable
* The Neyman variance estimator is unbiased in super population



Regression estimator

* In regression analysis, we start from an infinite super population

* Potential outcomes are random in repeated sampling rom the super
population

* Linear regression model for observed outcomes:
Yi =+ TZi + €;

* Parameters themselves, which are model-dependent, do not
necessarily have causal interpretations

* Parameters estimated by ordinary least squares (OLS)



Regression estimator

* Define a = E{Y;(0)}, T = E{Y;(1) — ¥;(0)}

* The Gauss-Markov condition is satisfied under randomization:
* E(]z; =0) =EY;(0) —al|Z;=0)=0
* E(glZ;=1)=E(Y;(1) —a—15]Z;=1) =0

* Therefore, the OLS estimator 7 is an unbiased estimator for T

* The robust variance estimator for 7 is identical to the Neyman
variance estimator,

N 22 >

i=1 €i (Z; — Z)*

V= =




Regression estimator

* Covariate adjustment:
Yi=a+1tZ;+[X; + €

* The consistency of the regression estimator does not rely on correct
model specification, because the population-level correlation
between Z; and X; is zero due to randomization

* In a finite sample, the correlation between Z, and X; may not be zero
e Covariate adjustment can reduce finite-sample bias and variance



Re-randomization

* In a single trial, covariates may not be balanced between groups
* The more covariates, the more probability of imbalance

* Increasing the sample size does not help, because both the covariates
distance and estimated ATE converge at the root-n rate

v 2 2 4
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5 Females, 15 Males 15 Females, 5 Males
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Re-randomization

* Mahalanobis distance o_f covgriates ~ ~
M= X, —X.) cov(X)™ (Xe — X,)
* Accept the randomization if M < a

%
=2 n




Re-randomization

* Re-randomization reduces the variance of X; — X, (Morgan and
Rubin, 2012)

* Re-randomization reduces the variance of the ATE estimator

 The ATE estimator is not normal, but a mixture of normal and
truncated-normal distributions

* Testing the ATE

e Re-randomization test is computation demanding
* Regression test is accurate
* t-test is conservative

Morgan, K. L., & Rubin, D. B. (2012). Rerandomization to improve covariate balance in experiments. The Annals of Statistics, 40(2). 1263-1282



2. Observational Studies: lgnorability



Unconfounded treatment assignment

* Unconfoundedness (ignorability): Z L (Y(1),Y(0)) | X
* Consistency: Y =Y(Z)

* Propensity score: e(x) = P(Z=1 | X=x)

* Positivity: 0<e(x) <1

e ATE is identifiable:

* t=E{Y(1) - Y(0)} = E[E{Y(1) | X}] — E[E{Y(O)] X}]
= E{E(Y | Z=1, X)} — E{E(Y | Z=0, X)}



|[dentifiability

e /: Treatment

e Y- Survival Survived Dead Sur;\ii:al
e X: Sex Total
=B(EQE =10} EEE o) T R x
[ PX=1DEX|Z=1,X=1) e =D :
— A~ A~ ale (X =
+PX =0)E(Y|Z=1X=0) Treated 18 12 60%
— [ P(X = 1)E(Y|Z = 1’X = 1) Control 7 3 70%
+P(X — O)E(le =1X= O) Female (X = 0)
— [05 X 60% + 0.5 X 20%] Treated p) 8 20%
_[05 X 70% + 05 X 30%] Control 9 21 30%

= —10%



Inverse probability weighting

* Propensity score is a balancing score: Z L (Y(1),Y(0)) | e(X)
» Conditioning on e(X) generates a (stratified) randomized experiment
* Inverse probability weighting (IPW):

1-2)Y]
[(X) = E(r (D}, E[ _em]—E{Y(O)}

* The propensity score needs to be estimated if unknown

e Horvitz-Thompson estlmator

(1-2Z)Y;
NZ [e(X) 1—o(X)




Inverse probability weighting

e e(1)=P(Z=1|X=1)=0.75

«e(0)=P(Z=1|X=0)=0.25

e F = E [AZY E (1-2)Y

(7

0.25 * 0.75

= —10%

1-é(X)

1 1 N
801\0.75 0.25

7)

|

Survived Dead Survival
rate
Total
Treated 20 20 0%
Control 16 24 40%
Male (X = 1) e(X)=0.75
Treated 18 12 60%
Control 7 3 0%
Female (X =0) e(X)=0.25
Treated 2 g 50%
Control 9 21 30%




Inverse probability weighting

 Super efficiency: using estimated propensity score can be more
efficient than using the true propensity score (Hirano et al, 2003)

* Hajek estlmator using stablllzed propen5|ty score:

(1-2,)Y;
e(X)/Ze(X) 1—e(X)/ —e(X)

i=1
e IfYis bmary, the Hajek estimator is always between O and 1

Hirano, K., Imbens, G. W., & Ridder, G. (2003). Efficient estimation of average treatment effects using the estimated propensity score. Econometrica, 71(4), 1161-1189.



Variants of inverse probability weighting

e Subclassification estimator

* Divide the sample into some strata based on é(X), each of which is like a
randomized experiment

* Average stratum-specific ATE: constant propensity score in each stratum
* Covariate adjustment in each stratum

* Trimming
* Discard units whose estimated propensity are close to O or 1
* Change the estimand



Weighted linear regression

* A weighted estimator can be obtained from linear regression
Yi=a+14; +¢€
* Weight:
Z; N 1—-27;
e(X;) 1-éx;)
e Covariate adjustment in the linear regression:
Yi =C(+TZi+,BXi+Ei

* Doubly robust: If either the propensity score of linear model is
correctly specified, then the weighted estimator is consistent

W; =



Doubly robust estimator

* Augment inverse probability weighting (AIPW) estimator:

g = tyn [z () z ), oy
H1 = N2l=1 2(x;) + {1 (X l)}lh(X )]
o —1yN (1-Z)Y; 1-Z;
auO - NZL:]_ _1_é(Xi) + {1 _e( l)} IuO(X )]

*T=[; —
* Doubly robust: consistent if either the propensity score é(x) or the
outcome regression fi,(x) is correctly specified



Doubly robust estimator

* Assume models are correctly specified

* é(x) and ji,(x) can be estimated by machine-learning methods, with
convergence rates op(n‘1/4)

e Efficiency: least asymptotic variance among all regular and
asymptotically linear estimators (under some regularity conditions)

* The “influence function” is the efficient influence function (EIF)

* Double machine learning: sample splitting and cross-fitting

* Fit nuisance models
e Calculate the EIF

Chernozhukoy, V., Chetverikov, D., Demirer, M., Duflo, E., Hansen, C., Newey, W., & Robins, J. (2018). Double/debiased machine learning for treatment and structural
parameters. The Econometrics Journal, 21(1). 1-68.



Target minimum loss estimation (TMLE)

* Outcome regression:
Yi=a+1tZ;+[X; + €

* Regress residuals €; on a “clever covariate” (propensity scores):
Z; N 1—2Z; N
€ =V U;
l e(X;) 1-éX;) l
e Adjusted model: the score function of v solves the EIF
n Z 1—2z
i,(X)=a+1iz+pX;+7 +
.uZ( l) :B l [é(Xl) 1 _ é(Xl)

e TMLE estimator: T = %Zﬁvﬂ[ﬁl(Xi) — fo(Xi)]

A

van der Laan, M. J., & Rubin, D. (2006). Targeted Maximum Likelihood Learning. The International Journal of Biostatistics, 2(1).



Target minimum loss estimation (TMLE)

* TMLE is a “substitution” estimator, preserving model boundaries
 Particularly appealing for binary outcomes

* Logistic regression:
PY; =1|Z;,X;) = expit{a + t£; + [ X; + €;}

Zi n 1-Z;

* Fit another logistic regression for Y; on [é(Xl-) -y

1|Z;,X;) as offset
» Adjusted model: P(Y; = 1|z, X;)
« TMLE estimator: = %Zﬁ\’zl[ﬁ(Yi = 1|1, X;) — P(Y; = 1|0, X))]

.)] with P(Y; =



G-estimation

* Motivation: rank preservation, Y;(z) — Y;(0) = B,z + B,zX;
* Under consistency, Y;(0) =Y; — B,Z; — B, Z; X;

* Under ignorability, Z; L Y;(0)|X;

* G-estimation (rank preservation not required):

N

1 .

Nz (28((3) Zi —e(X)}Y, — p1Z; — B2Z;X;} =0
i=1

* If the “blip function” is correctly specified, then the parameter
estimators are consistent (so that ATE)



3. Causal Graphs



Atom structures

e Chain
e Fork
e Collider

e NN/

Pearl, J., Glymour, M., & Jewell, N. P. (2016). Causal inference in statistics: A primer. John Wiley & Sons.



Chain

* Example
e X: funding
* Y: GPA
e Z: collage admission

* Y is not independent of X

e Zis not independent of Y

e Zis likely not independent of X

* Conditional on Y, Z is independent of X



Fork

* Example
* X:temperature
* Y: sell of ice cream
e /: crime rate

* Y is not independent of X

e Zis not independent of X

e Zis likely not independent of Y

e Conditional on X, Z is independent of Y
* Yule-Simpson paradox

Ux

!

X
U, U,
} !
Y Z



Collider

* Example
* X: music talent U U
* Y: GPA * !
e Z: scholarship l l
: : X Y

e Zis not independent of X
: : U

* Zis not independent of Y f

e Xis independent of Y -

* Conditional on Z, X is independent of Y
* Berskon paradox; selection bias; Monty Hall’s problem



Children of a collider

* Conditioning on C introduces correlation
between A and B

* D carries information of C, so controlling D
partially controls C, thereby introducing
correlation between A and B

e C carries information of E, but controlling
E does not introduce correlation between
A and B



Example

e S: education
* W: wages

* U: ability (unobserved)

e Aim: causal effectof SonY \/

* Due to the confounder, the correlation between S and W is not causal



Example

e S: education

* U: ability (unobserved)

. Q10 T~

e Aim: causal effectof SonY

* We can observe a proxy of U
* Controlling Q partially reduces the confounding bias



Example

e S: education /,I/Q
*Wiwages =TT --___

”

* U: ability (unobserved)
e Q:1Q \/

e Aim: causal effectof SonY

* If Sinfluences Q, then controlling Q introduces a collider bias



Example

e S: education /,I/Q
*W:wages =TT --___ \

”

* U: ability (unobserved)
e Q:1Q \/

e Aim: causal effectofSonY

* If Q influences W, then controlling Q blocks part of S>W causal effect



d-separation

e [f Xand Y are d-separated by Z, then X is independent of Y in all
probability distributions that are admissible with the causal graph

* How to achieve d-separation:
* Conditioning on Z in the chain: X=>Z->Y
* Conditioning on Z in the fork: X&Z-Y
* Not conditioning on Z in the collider: X->7Z<Y



Directed acyclic graph (DAG)

 Truncated law:

P(x,,x,,x;,x,,Xx5) /Xl \ X \
= P(xq)P(x, | %) P(x, | 3)P(x, | 53,3, )P(x | x,)
_HS P(x |pa ) X3\ /‘X2 X3\ /‘XZ
B AR
* Intervention in X; = 1: Ay A
Py (XX, X5, X, X5) l l

= P(x,)P(x, | X)) P(x, | x,,%;, = ) P(x; | x,) A X



Calculating the causal effect

* To identify the causal effect of Z on Y, we make an intervention in Z
* In potential outcomes, Y(z) = Y|do(Z=z)

P(Y=yl|do(Z=z))=F,(Y=y|Z=
- P(Y=y|Z=2X=x)P,(X = x|Z 2) / \ \
=Y P(Y=y|Z=2,X=x)P,(X =X)

=Y P(Y=y|Z=2z,X=x)P(X =x)

P P

m



Single-world intervention graph (SWIG)

* Intervention induces a new node
* |s the causal effect of Zon Y identifiable?
* Is Z d-separated with Y(z)? X—> 7|z —> ¥(2)

* Conditioning on X leads to d-separation /‘
» /Y effect is identifiable by controlling for X U



Single-world intervention graph (SWIG)

* Intervention induces a new node X—> 7|z —> Y(2)
* Is the causal effect of Z on Y identifiable? //

* Unconfoundedness Z 1 Y(z) | X U

* Y(z) is d-separated with Z by X
* 1. Conditioning on X leads to d-separation
» 7/->Y effect is identifiable by controlling for X \ \
* 2. Zis d-separated with Y(z) 7|z —> Y(2)
» /Y effect is identifiable by not controlling for X f /’

UZ



4. Mediation Analysis



Mediation analysis

* The treatment has two causal pathways to the outcome

e 1. Direct pathway:Zto Y
e 2.Indirect pathway: ZtoM toY

* Example: stem cell transplantation to cure leukemia
e Z: transplant modality

* M: leukemia relapse
* Y: death

* Goal: Distinguish the direct/indirect from the total effect



Mediation analysis

* The classical mediation analysis (Baron and Kenny, 1986) was
proposed in terms of linear models:

{ M=a + e
Y=0Z4+yYM+u

* Direct effect 5, indirect effect ay

* In potential outcomes, Y(z,m)

 Total effect t = E{Y(1) — Y(0)} = E{Y(1,M(1)) — Y(O,M(0))}
* Controlled effect: E{Y(1,m)—-Y(0O,m)}

Baron, R. M., & Kenny, D. A. (1986). The moderator-mediator variable distinction in social psychological research: Conceptual, strategic, and statistical considerations. Journal
of personality and social psychology, 51(6), 1173.



Natural effects
* Natural direct effect E{Y(1,M(0)) — Y(O,M(0))}

e Natural indirect effect E{Y(1,M(1)) — Y(1,M(0))}
e Total effect = direct effect + indirect effect

NN

ZM(Z') Z=z ¥(z,M(z"))




ldentification of natural effects

* [gnorability: Z L {M(z), Y(z*,m)} | X
e Sequential ignorability: M(z) L Y(z*,m) | Z=z, X

* The mediator is as if randomized — no unmeasured confounding between Z,
M, and Y

e Other assumptions: positivity, consistency
* |dentification (Imai et al., 2010):

E{Y(z,M(z*))|X} = j E(Y|z,m, X)f (m|z*, X)dm
= EX[EM|z*,X{Ii(Z» M;)?S}]

Imai, K., Keele, L., & Yamamoto, T. (2010). Identification, Inference and Sensitivity Analysis for Causal Mediation Effects. Statistical Science, 25(1), 51-71.



Estimation of natural effects

* How to estimate E{Y(z,M(z*))}?

* Regression estimation
* Estimate u(z, m, x)
* Estimate (like imputation) v(x) = [ u(z, m,x)f(m|z*, x)dm (e.g., by Monte
Carlo)
* Average v(x) over the sample

* Weighted estimation
1(z=2)f(M|z", X)

(Mz, X)p(zIX) |

* Sample average of



Multiply robust estimator

* Combine three models
* Propensity score P(z|x)
* Mediator density f(m|z, x)
* Outcome regression u(z, m, x)

* Multiple robustness: consistent if either two of the three working
models are correctly specified

* The estimator that solves the efficient influence function (EIF)
* Semiparametric efficiency (Tchetgen Tchetgen and Shpitser, 2012)

Tchetgen, E. J. T., & Shpitser, I. (2012). Semiparametric theory for causal mediation analysis: efficiency bounds, multiple robustness, and sensitivity analysis. Annals of
statistics, 40(3), 1816.



Separable effects

* Sequential ignorability is a “cross-world” assumption — it involves
both the world of zand z* in a single independency

* Interventionist approach: separable effects (Stensrud et al., 2022)

* The treatment Z has two components Z,, and Z,
*Z2=27,,=Z,in arealized trial

* Potential outcomes: M(z,,z,), Y(z,,2y)
2 M
T~z Y

Stensrud, M. J., Young, J. G., Didelez, V., Robins, J. M., & Hernan, M. A. (2022). Separable effects for causal inference in the presence of competing events. Journal of
the American Statistical Association, 117(537), 175-183.




Separable effects

 Total effect T = E{Y(1)-Y(0)} = E{Y(1,1) — Y(0,0)}
* Separable direct effect E{Y(0,1) — Y(0,0)}

» Separable indirect effect E{Y(1,1) — Y(0,1)}
 Total effect = direct effect + indirect effect

L |z, — M(z,)
i i

. —
7, —— Y(2,Z,)

2|z, — Mlz))

-
-I'-F'-

= Z,|z, — Yl(z,z,)



|dentification of separable effects

* Ignorability: Z L {M(z,,,z,), Y(z\,zy)} | X

* Dismissible components condition:
* M(zy,,z,) = M(zy,,2),)
* E{Y(ZM/ZY) | M(ZMIZY)I X}= E{Y(ZYIZY) | M(ZY/ZY)r X}

* A graphical justification of dismissible components condition: partial
isolation — no confounding between M and Y

* Not testable using observed data, but it will be testable “in future
trials” if the treatment components can be separated

* Other assumptions: positivity and consistency



|dentification of separable effects

* |dentification formula is identical with natural effects
 E{Y (21, 2)IX} = [ E(Y |z, m, X)f (mlzyy, X)dm
= Ex [EM|zM,X{H(ZY» M, X)}]
e But different interpretations
» Separable effects may target on clinical interest directly
* Caveat: Can we find “treatment components”?



Randomized interventional effects

* If there is treatment-induced confounding, sequential ignorability fails
* Dismissible components condition is also hard to justify

* Randomized intervention:
* SetZatz
* Replace M with an external variable G(z*) ~ M(z") | X, marginalizing over L

A,

\v"ﬂ

VanderWeele, T. J., & Tchetgen Tchetgen, E. J. (2017). Mediation analysis with time varying exposures and mediators. Journal of the Royal Statistical Society Series B:
Statistical Methodology, 79(3), 917-938.



Randomized interventional effects

* Interventional direct effect: E{Y(1,G(0)) — Y(0,G(0))}
* Interventional indirect effect: E{Y(1,G(1)) — Y(1,G(0))}
e Direct effect + indirect effect # total effect

* Assume sequential ignorability conditional on treatment-induced
confounding

E{Y(z G(z"))|X} = f f E(Y|z l,m X)f (m|z*,x)f (l|z, x)dmd]l

 Limitation: interventional effect is not sharp
* Interventional direct effect = 0 does not imply no Z - Y effect



Mediation analysis for survival outcomes

* Semi-competing risks

* The mediator and outcomes are processes (Huang, 2021)
* Treatment: transplant modality

* A terminal (primary) event: death

* An intermediate event: relapse

* At every time, the intermediate event process 0,1; the terminal event
process 0,1

Huang, Y. T. (2021). Causal mediation of semicompeting risks. Biometrics, 77(4), 1143-1154.



Counting processes

* Intermediate event occurs * Intermediate event does not
occur
1 Ny(t) VAL AN, (D A Nyt
r t r Si > 1 s t S
v,(t) v,(t) 4 v, (0) Y1)
t > [ t




Potential outcomes on counting processes

e Jump of the potential counting process

* Intermediate event: dN;(t; z)
* Terminal event: dN,(t; z, 1 (t))

e Potential counting process
* Intermediate event: N, (t; z) = fot dN,(s; z)
e Terminal event: Nz(t; Z, ﬁl(t)) = fot dNZ(S; Z, ﬁl(s))

* Natural counting process of the terminal event: N, (t; z, N (t; 2))



Natural effects

* Assign different treatments for N, and N, — potential counting process
of the terminal event N, (t; z,, N1 (t; z1))

* Cumulative incidence function (CIF) of the potential terminal event:
F,(t; z1,25) = P{N,(t; z5, N1 (t; 21)) = 1}

* Total effect: F,(t; 1,1) — F,(t; 0,0)

* Natural direct effect: F,(t; 0,1) — F,(¢t; 0,0)

 Natural indirect effect: F,(t; 1,1) — F,(¢t;0,1)

* Total effect = direct effect + indirect effect



|dentification assumptions

* Ignorability: Z L {N;(t; z1),N,(t; z,, 11 (t; z1)) }H X

e Consistency: N;(t) = N, (t; Z), N,(t) = N, (t; Z, N, (t; 2))
 Random censoring

* Positivity: sufficient data in each group

* Under these assumptions, F,(t; z, z) is identifiable

* F,(t; z1,2z,) is not identifiable if z; # z,

- Ny(t;) N,(t,) Ny(ty) ———
£ ~__ I
N,(t,) N,(t, N,(t3)

df\”(f;zz} di"\n(f;zg)



ldentification of natural effects

* Sequential ignorability
* dN,(t; z1) is as-if randomized conditional on history
* dN, (t; Zy, Ny (t)) is as-if randomized conditional on history

* No unmeasured confounding between the intermediate event and
the terminal event

e Cause-specific hazards are identifiable
* Intermediate event: dA{(t; zq, 25, x) = dA{(t; z4, x)
* Terminal event: dA,(t; zq, 2., 11 (t), x) = dA,(t; 25,111 (1), x)

* Counterfactual CIF is identifiable by Kolmogorov forward equation in
the illness-death model

Deng, Y., Wang, Y., & Zhou, X. H. (2024). Direct and indirect treatment effects in the presence of semicompeting risks. Biometrics, 80(2), ujae032.



Estimation

* A practical working assumption:
* Markovness dA, (t; z,, 11 (t),x) = dA,(t; z,, n{(t), x)

* Nonparametric estimation (without covariates):
* Nelson-Aalen-Johansen estimator for three hazards
* Kolmogorov forward equation in the illness-death model

* Semiparametrically efficient estimation (with covariates)
* Semiparametric efficiency

* Multiple robustness (propensity score, censoring hazard, cause-specific
hazards)



Application to stem cell transplantation

* Treatment: transplant modality (MSDT vs Haplo)
* Intermediate event: relapse

Strata MSDT=0 MSDT=1

 Terminal event: death

=
oo

* Why does Haplo show lower mortality?
 Direct effect on death
* Indirect effect via relapse to death

Cumulative event
] = =
X s 2

e
o

Time



Application to stem cell transplantation

* Haplo has no direct effect — No effect on transplant-related mortality
* Haplo has an indirect effect — An effect on relapse-related mortality
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Separable effects

* Natural effects may be hard to interpret

* If the treatment have two components
* z, influences the hazard of the intermediate event
* z, influences the hazard of the terminal event

* Potential counting processes: N;(t; z{,25), N, (t; 21, Z5)

¢ CounterfaCtual CIF if treatment CompOnentS dare aSSignEd daS (21,22):
FZ (tl Zq, ZZ) — P{NZ (tl ZlJZZ) — 1}

Breum, M. S., Munch, A., Gerds, T. A., & Martinussen, T. (2024). Estimation of separable direct and indirect effects in a continuous-time iliness-death model. Lifetime Data
Analysis, 30(1), 143-180.



|dentification of separable effects

* Ignorability

* Dismissible components condition
* Terminal event hazard relies only on z,
* Intermediate event hazard relies only on z,

* Essentially excluding treatment-induced or unmeasured confounding
between counting processes

 Random censoring, positivity, consistency
* |dentification formula for F, (t; z4, z,) identical with natural effects
e Other framework: randomized intervention



5. Principal Stratification



Principal stratum

* Consider a binary treatment Z, an outcome Y and an intermediate
variable S

* Four classes of units:
* 5(1)=0, S(0)=0
* S(1)=1, S(0)=0
* 5(1)=0, S(0)=1
* S(1)=1, S(0)=1
* Principal stratum defined by (S(1),5(0)) — a specific class of units

* Principal stratum not observable



Non-compliance

* Treatment Z: assignment
* Intermediate variable S(z): actual treatment

* Four types of units (Angrist, Imbens, Rubin, 1996):
 Complier: S(z) =z
e Always-taker:S(z) =1
* Never-taker:S(z) =0
e Defier: S(z) = 1-z (usually excluded by monotonicity)
* Treatment effect is meaningful only in compliers

* CACE = E{Y(1) - Y(0) | G=c}

Angrist, J. D., Imbens, G. W., & Rubin, D. B. (1996). Identification of causal effects using instrumental variables. Journal of the American statistical Association, 91(434), 444-455.



Non-compliance

 Under monotonicity, there are three principal strata
* The proportion of each principal stratum is identifiable

Z=1 Z=0
,
A A } S=1
S=12 =< ! 0t
C C

__________________________________________________________ > $S=0
S=0 { N N
_




Complier average causal effect

* Ignorability: Z 1 {S(z), Y(z,s)} | X
* Relevance: E{S(1) —S(0)|X} #0

 Exclusion restriction: Y(1,s) = Y(O,s) D

+ Consistency: S = S(2), Y = Y(2) = Y(Z,5(2)) L
* Monotonicity: S(1) = S(0)

* Positivity

* Conditional CACE is identifiable

E(Y|Z=1,X)—-E|Z=0,X)
ES|Z=1,X)—E(S|Z=0,X)

CACE(X) =



Complier average causal effect

* CACE defined in compliers is identifiable

CACE = [ CACE (x)P(x|c)dx
E{E(YIZ=1,X)-EXY|Z=0,X)}

- EW{E(S|1Z=1,X)—-E(S|Z =0,X)}

* Estimation:
* Regression estimator (plug-in)
* AIPW for the numerator and denominator
* Local average response function (LARF)
* Semiparametric efficient estimator



Truncation by death

* Treatment Z: assignment
* Intermediate variable S(z): survival indicator

* Four types of units:
e Always-survivor: S(z) =1
* Protected: S(z) =z
* Doomed: S(z) =0
 Harmed: S(z) = 1-z (usually excluded by monotonicity)

e Potential outcomes (Y(1),Y(0)) only well-defined in always-survivors
* SACE = E{Y(1) - Y(0) | G=a}



Truncation by death

 Under monotonicity, there are three principal strata
* The proportion of each principal stratum is identifiable

=1 /=0

-
A A } S=1
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$S=0 { D D
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Survivor average causal effect

* [gnorability: Z 1 S(z) | X
 Latent ignorability: Z L Y(z) | S(1)=S(0)=1, X

* Principal ignorability: E{Y(1) | S(1)=1, S(0)=1, X} = E{Y(1) | S(1)=1,
S(0)=0, X}

e E{Y(1)}is identical in always-survivors and protected groups
e Consistency: S=5(Z2),Y=Y(2)ifS(Z) =1
* Monotonicity: S(1) > S(0)
* Positivity

Ding, P., & Lu, J. (2017). Principal stratification analysis using principal scores. Journal of the Royal Statistical Society Series B: Statistical Methodology, 79(3), 757-777.



Survivor average causal effect

* Conditional SACE is identifiable by the “survivor-case” analysis
e SACE(X)=E(Y|Z=1,S=1,X)—-EX|Z=0,S=1,X)

* SACE defined in always-survivors is identifiable

SACE = [ SACE (x)p(x|a)dx
~ Ex{SACE()[ESIZ =1,X) —E(SIZ = 0,X)]}

ELE(S|Z=1,X)—E(S|Z =0,X)}

* If principal ignorability fails, use a substitutional variable to identify
SACE (Wang, Zhou, Richardson, 2017)

Wang, L., Zhou, X. H., & Richardson, T. S. (2017). Identification and estimation of causal effects with outcomes truncated by death. Biometrika, 104(3), 597-612.



6. Intercurrent Events



Intercurrent events

* Non-compliance
* The actual treatment is different from the assignment

* Truncation by death
* The primary outcome does not exist

* Intermediate events

* Rescue mediation, treatment switch; the primary outcome is not
interpretable



How to address non-compliance

* Treatment assignment Z, actual treatment D, outcome Y
* Intention-to treat: E(Y|Z=1) — E(Y|Z=0)
* E{Y(1) — Y(O)} by treatment Y as a potential outcome of Z

 Randomization is the “golden standard” to evaluate the treatment
effect — the treatment assignment is randomized

* Not alighed with primary interest



How to address non-compliance

* As-treated: E(Y|D=1) — E(Y| D=0)
* Per-protocol: E(Y|Z=D=1) — E(Y|Z=D=0)

* Problem: D is not randomized; unmeasured confounding between D
and Y; not comparable population

* Principal stratum estimand: complier average causal effect
* E{Y(1)-Y(0) | D(1)>D(0)}
* Problem: the target population is not observable



How to address intercurrent events

* Intercurrent events can either render the primary outcome not to
exist or not interpretable

* ICH E9 (R1): an estimand framework

* Five strategies:
* Treatment policy strategy
 Composite variable strategy
While on treatment strategy
Hypothetical strategy
Principal stratum strategy

Han, S., & Zhou, X. H. (2023). Defining estimands in clinical trials: A unified procedure. Statistics in Medicine, 42(12), 1869-1887.



Treatment policy strategy

* Treatment policy strategy is closely related to intention-to-treat (ITT)
analysis

* The occurrence of intercurrent events is treated as part of the
treatment

* E{Y(1)-Y(0)} = E{Y(1,5(1))-Y(0,5(0))}

— 2208 — ol
954 G m— —— @A
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Composite variable strategy

* The occurrence of intercurrent events is treated as part of the
outcome

* Typical composite outcomes: f(S,Y) = S*Y, aS+bY
* Binary S and Y: occurrence of intercurrent events indicates treatment failure

* E1f(S(1),Y(1))-1(5(0),Y(0))}

4 ¢ ¢ Que———i¢ 4‘¢ —) &/ 4‘4
(O (O
— 8338 — 238!
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While on treatment strategy

* While on treatment strategy requires longitudinal observations

e Use the last observable outcome before intercurrent events
* E{Y(1,T(1))-Y(0,T(0))}
* Not reliable if there is systematic risk difference treatment groups

44 ¢ Quummp .:>889.

QOO S
OO0 — @
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Hypothetical strategy

* To envision a hypothetical scenario where intercurrent events do not
occur

* Hypothetical strategy is closely related to mediation analysis
* E{Y*(1)-Y*(0)} = E{Y(1,5=0)-Y(0,s=0)}
* Additional assumptions are required to identify this estimand

e

S0 0. |:{>

@
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Principal stratum strategy

* The target population is restricted to a principal stratum

* The principal stratum is not observable, so interpretation can be hard
* Example: complier/survivor average causal effect

* Additional assumptions are required to identify this estimand

888 — 2% — &%

38 —%e —%e
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Time-to-event endpoint

* Now suppose the endpoint is time-to-event

* Data structures

* Semi-competing risks: the primary outcome is not prevented by intercurrent
events

* Competing risks: the primary outcome is prevented by intercurrent events

e Potential outcomes
* Time to primary outcome: T(z)
* Time to (first) intercurrent event: R(z)

e Estimand: cumulative incidence function (CIF)

Deng, Y., Han, S., & Zhou, X. H. (2025). Inference for Cumulative Incidences and Treatment Effects in Randomized Controlled Trials With Time-to-Event Outcomes Under ICH
E9 (R1). Statistics in Medicine, 44(10-12), e70091.



Treatment policy strategy

* Comparing the CIF of the primary event as recorded
e P{T(1)<t} - P{T(0)<t} = P{T(1,R(1))<t} — P{T(0,R(0))<t}

* Only applicable to semi-competing risks data (otherwise potential
outcomes are not well defined)

* Required observed data: T, A;
c F(t;z) =1 — exp{—A(t; 2)}



Composite variable strategy

* The composite outcome is the first occurrence of any event: f(T,R) =
min(T,R)

e Other form: quality adjusted survival time
e P{T(1)<t, R(1)<t} — P{T(0)<t, R(0)<t}
* Applicable to both semi-competing and competing risks data
* Required observed data: min(T,R), max(A;,Ag)
*F(t;z) =1 —exp{—A1(t;2) — A2(t2)}



While on treatment strategy

* Primary outcome after intercurrent events are not counted — leads to
the subdistribution function of the primary outcome

* P{T(1)<t, R(1)>t} — P{T(0)<t, R(0)>t}
* Required observed data: min(T,R), A;, Aq

s F(t;2) = [, exp{—Ay(t;2) — Ay (t; 2)}dA4 (t; 2)



Hypothetical strategy

e Scenario I: Intercurrent events allowed only if they occur under
control

t
 F(t;z) = fo exp{—A(t;z) — A,(t; 0)}dA{(¢t; 2)
* Required observed data: min(T,R), A, Ag
* Related to natural direct effect
* Sequential ignorability for causal interpretation



Hypothetical strategy

e Scenario Il: Intercurrent events not allowed
° P{T(lloo)<t} - P{T(O’oo)<t}
t
+ F(t:2) = [ exp{—A (& 2)}dA (62) = 1 — exp{—Ay (t;2))
* Required observed data: min(T,R), A;(1-Ag)

* Related to controlled direct effect
* Sequential ignorability for causal interpretation



Principal stratum strategy

* The target population is restricted to a subpopulation who would
never experience intercurrent events

* P{T(1)<t | R(1)=R(0)==o} - P{T(0)<t | R(1)=R(0)=2<}

* For identification, use the potential occurrence at the end of the
study t*: P{T(1)<t | R(1)>t*, R(0)>t*} — P{T(0)<t | R(1)>t*, R(0)>t*}

fy eXp{=A1(£:2)=Az(£:0)}dA (£:2)

* F(t;z) = —%
1—f0 exp{—A1(t;z)—A;(t;0)}dA,(t;2)

* Required observed data: min(T,R), A, Ag
* Principal ignorability for identification



Observational studies

* Nonparametric estimation in randomized controlled trials
* Nelson-Aalen-Johansen estimator for hazards
* Markovness required for natural effects with semi-competing risks data

* Inverse probability weighting
* To weight event and at-risk processes by the inverse of propensity score
* Uncertainty of the propensity score not accounted for

* Semiparametric efficient estimation
* To derive the efficient influence function
* Double robustness
» Standard error based on influence functions



Example: Bone marrow transplantation data

e Data source: Klein and Moeschberger (1997)
 Sample size: 137

* Treatment: AML (Z=1) vs ALL (Z=0)

* Primary outcome event: death

* Intercurrent event: relapse

e Data structure: semi-competing risks

* Covariates: sex, age, Cy status

* R package: ttelCE



Results: counterfactual CIFs
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Results: treatment effects
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/. Observational Studies: Non-lgnorability



Sensitivity analysis

e If ignorability fails, E{Y(z) | Z=1, X} # E{Y(z) | Z=0, X}

e Suppose there is an unmeasured confounder Uand Y(z) LZ | X, U
* Observed propensity score: ¢; = P(Z; = 1|X;)

* True propensity score: p; = P(Z; = 1|X;,U;)

* Rosenbaum condition:

log i — log Pi
1—¢ 1-p;

* Bounds for the P-value under a given I’

<T, Vi

» Design sensitivity [': for I < I, power goes to 1; otherwise 0



Instrumental variables

e How to estimate the effect of Zon Y?

e Suppose a linear model, homogeneous effect:
Yi =a + TZi + Ui
* Three conditions of an instrumental variable (1V) V:
e Randomization: cov(V,U|X) =0
e Relevance: cov(V,Z|X) #0
* Exclusion restriction: no effectof VonY

* Two stage least squares:
e Regress Z on V: Z removes the effect of U on V
« Regress Y on Z: the coefficient is 7



Instrumental variables

* In potential outcomes framework, suppose V is binary

* Three conditions for an IV:
 Randomization: V L (Z(v), Z(v), Y(v,d)) | X
* Relevance: E{Z(1)-Z(0)[X}# 0 @

e Exclusion restriction: Y(0,z) = Y(1,z) =: Y(z2)
e Other assumptions: positivity, consistency a e.@

* Example: encouragement design



The fourth condition for an IV

* A “homogeneity” condition of the treatment effect
e Constanteffect: Y(1) —Y(0) =1
« E{Y(1) —Y(0)|V,Z = z,X} does not depend on V
« E{Y(1) —Y(0)|U, X} does not depend on U
« E{Z(1) — Z(0)|U, X} does not depend on U

* Under the homogeneity condition, conditional ATE is identifiable
E(Y(1) — Y(0)[X} = EYIV=1X)—EX|V =0,X)
t (0) }_E(Z|V= 1,X)—E(Z|IV =0,X)
 Numerator: intention-to-treat effect




The fourth condition for an IV

* An alternative to homogeneity condition
* Monotonicity: Z(1) = Z(0)
* Example: patients in the control group do not have access to the treatment

* Three principal strata under monotonicity:
e Always-taker:Z(1) =7(0)=1
e Complier:Z(1)=1,27(0)=0
* Never-taker: Z(1)=0, Z(0) =0

* Treatment effect not identifiable in always-takers and never-takers



Local average treatment effect

* Under monotonicity, conditional effect in compliers

EXYIWV=1,X)—E{X|V =0,X

* Local average treatment effect (LATE)

E{E(Y|V =1,X)—E(Y|V =0,X
E{Y(1) —Y(0)|Z(1) > Z(0)} = EiEEZ:V 1 X% _ EEZ:V — 0 Xﬁ

 Compliers are not observable



Negative control variables

* Negative control outcome (NCO) W
e Latent unconfoundedness: Y(z) L Z |U, X
* No effectof ZonW:Z 1L W | U, X
 Known U-W and U-Y relation

* Example

* Z: COVID-19 vaccine

* Y: COVID-19 infection

e W: flu infection
Xyy
xyw

* Inalinear model, Bzy = By|zx — Pwiz,x

Shi, X., Miao, W., & Tchetgen, E. T. (2020). A selective review of negative control methods in epidemiology. Current epidemiology reports, 7(4), 190-202.

Y



Difference-in-differences .

* Pre-treatment outcome Y, is an NCO

* No anticipation: Y,(1) = Y,(0)

* Parallel trends: E{Y,(0)-Y,(0) | Z=1, X} = E{Y,(0)-Y4(0) | Z=0, X}
* Other assumptions: Positivity, consistency

* Average treatment effect on the treated (ATT)
E{Y;(1) - Y,(0)|Z = 1}
=FE(Y,—-Yy|Z=1)—E{E(Y; —Yy|Z =0,X)|Z =1}

* Doubly robust and efficient estimator available

()



Proximal causal inference

 Latent ignorability: Z LY(z) | U, X
* Negative control exposure (NCE) V:V L (Y, W) | Z, U, X
* No effect of Von (Y, W)

* Negative control outcome (NCO)W: W LZ | U, X
* No effect of Zon W

Cui, Y., Pu, H,, Shi, X., Miao, W., & Tchetgen Tchetgen, E. (2024). Semiparametric proximal causal inference. Journal of the American Statistical Association, 119(546),
1348-1359.



Proximal causal inference

* Completeness: E{g(U)|Z,V,X} = 0 implies g(U) = 0 almost surely

e \V contains all variation in U
* Outcome bridge function: E{q(z, W, X)|v,z, X} = E(Y|v, z, x)

 If U is discrete, then V and W should have more levels than U (Miao et
al., 2018)

e ATE is identifiable,
E{Y(z)} = E{q(z, W,X)|Z = z, X}

 Also identifiable through a treatment bridge function
* So doubly robust estimation is possible

Miao, W., Geng, Z., & Tchetgen Tchetgen, E. J. (2018). Identifying causal effects with proxy variables of an unmeasured confounder. Biometrika, 105(4), 987-993.



Outline

e Causal Attribution in Complex Scenarios
 Estimating Causal Effects with Deep Learning
* Application in Real-World Scenarios



Outline

e Causal Attribution

- Three levels of Causal Inference

- Basic Attribution Probabilities, Identification
- Modern Attribution Methods



Three Levels of Causal Inference

1| e _
ki Three levels of causal reasoning:

/G | — 1 Association — What do we observe?
J i il

2 Intervention — What changes if we act?

3 Counterfactuals — What would have happened
otherwise?




Why Attribution Is a Level-3 Question

Association: Areas with higher vaccination rates may also show more
severe outbreaks.

Intervention: Would vaccination reduce infections?

Counterfactual: For an infected person, would the outcome have changed
under another vaccination decision?

Attribution asks the counterfactual question for the same observed case.



Outline

e Causal Attribution

- Three levels of Causal Inference

- Basic Attribution Methods, Probabilities, Identification
- Modern Attribution Methods



EoC vs. CoE

"Effect of Cause" vs. "Cause of Effect”
'Effect of Cause (EoC)' or 'Cause of Effect (CoE)’

EoC: Does smoking harm lung cancer?
Question of intervention effect — Level 2

*CoE: Did smoking cause Zhang San’s lung cancer? — Problem of Attribution.
Question of attribution — Level 3

*CoE cannot be directly inferred from population statistical evidence,
*as it involves individual counterfactuals.



Attribution Methods

*CoE: Did smoking cause Zhang San’s lung cancer? — Problem of
Attribution.

eQuestion of attribution — Level 3

1. Bayesian Method: Calculate conditional probability
P(X, =1|Y = 1) using prior probabilities

Infer causes based on causal effects
3. Infer causes based on causal paths
Posterior causal effects



Use Bayesian Method to Infer CoE

* Probability of disease Xy = 1 given symptom Y = 1:
Koo T P(Y = 1)
It depends on prior probability P(Xx = 1)
* WhenP(Xxy=1|Y =1)islarge, P(Xx =1|Y = 0) may also be
large. ACE (Xx — Y) could be tiny or even equal to 0, which means
disease Xix = 1 is not the cause of symptom Y = 1.

* In fact, P(Xx = 1|Y = 1) is within level 1, cannot be directed applied
for Attribution.




Infer causes based on causal effects

Average Causal Effect: ACE(X = Y) = E(Y,=1 — Yy=0)

* X, = poison, X, = food; both cause outcome Y (Survival
status)

* ACE(X;{ - Y) > ACE(X, — Y). However, if a person
dies (Y = 1) with no evidence of poison intake, death
cannot be attributed to poison X, as the prior
probability of taking poison is extremely low.

* ACE is within Level 2, cannot actually represents CoE.

* Causal effects cannot be directly applied for attribution.



Level 3: Counterfactual Reasoning

Fact: We observe:
Zhang San smoked (T = 1) and developed lung cancer (Y = 1).

Counterfactual: If Zhang San did not smoke (T = 0),
would he have developed cancer? What is Y, ?

Note: Zhang San being a non-smoker is different from “people who are
non-smokers”, because those "non-smoking people” might have
avoided cancer even if they smoked!



Probability of Causation (PC)

* Y, = 1: Lung cancer develops under smoking
* Yo = 0: No lung cancer without smoking

e Dawid et al. (2016): Probability of Causation (PC)

Dawid, A. P., Musio, M., & Fienberg, S. E. (2016). From statistical evidence to evidence of causality. Bayesian Analysis, 11(3), 725-752.



Probability of Causation (PC)

* Core challenge: How to identify the joint distribution of Y4 and
Y, from observed data P(Y; = y,Yo = y")

* Level 2: population-level inference while the second tier targets
population-level inference, needs only marginal distributions P(y1)

and P(yy).

* Level 3: individual-level inference, requires joint distribution
P(y4,¥0), generally harder than level 2.

Dawid, A. P., Musio, M., & Fienberg, S. E. (2016). From statistical evidence to evidence of causality. Bayesian Analysis, 11(3), 725-752.



Probability of Causation (PC)

* PCis hard to identify precisely, since counterfactuals are
unobservable.

* Hence, attribution conclusions usually fall in an interval.
e E.g. Dawid et al. (2016)

P(Yo=0,Y1=1) P(V1=1)-P(Yo=1Y1=1)

S A PV = 1)
L PM=1-P(o=1) 1
" o P =1) CRR’
e Here CRR = P(Yo=D)

* They also derived proper upper bound.

Dawid, A. P., Musio, M., & Fienberg, S. E. (2016). From statistical evidence to evidence of causality. Bayesian Analysis, 11(3), 725-752.



Probability of Causation (PC)

e California silicone breast implant liability litigation (C.D. Cal, 2004):
When analyzing causation, the relative risk (CRR) must exceed 2.0 to
be admissible to juries.



Other Attribution Probabilities

* Probability of Necessity
PN =P(Y,.o=0|Y =1,X=1)

* Probability of Sufficiency
PS = P(Y,—.1=1|X =0,Y = 0)

* Probability of Necessity and Sufficiency
PNS =P(Y,—0 =0,Y,-; =1)

* Probability of Disablement:
PD=P(Y,.,=0]Y =1)

* Probability of Enablement:
PE =P(Y,—1=1|Y =0)

Pearl, Judea. “Probabilities of Causation: Three Counterfactual Interpretations and Their Identification.” Synthese, vol. 121, no. 1, 1999, pp. 93-149.



ldentifying PN

 Under Ignorability Assumption (Y, Il X ) and Monotonicity
Assumption (Y; > Y,),PN=P(Y,_, =0]Y =1,X =1) can be

identified as
N P(Yo=0,Y1 =1X =1)
P(Y =1|X =1)

 PM=1X=1)—P(Yo=1,Y1 =1]X =1)
B P(Y =1|X =1)
 P(Y=1X=1)-P(Yo=1]X =1)
B P(Y =1|X =1)
 P(Y=1X=1)-P(Y =1]X =0)
B P(Y =1|X =1)

P(Y =1|X =0)— P(Yo =1|X = 1)

™ P(Y =1X=1



ldentification of PS and PNS

e Under Ignorability Assumption (Yx I X ) and Monotonicity
Assumption (Y; = Y,), PS can be identified as

PY=1X=1)—-P(Y =1|X =0)
1—-P(Y =1|X =0)
e Similarly, PNS can be identified as
PNS=P(Y=1lX=1)—-P(Y =1|X =0)

PS =

e They also convert joint attribution probabilities into estimable
marginal probabilities.

Tian, Jin, and Judea Pearl. “Probabilities of Causation: Bounds and Identification.” Annals of Mathematics and Artificial Intelligence, vol. 28, no. 1-4,
2000, pp. 287-313.



Conditional PN, PS and PNS

* With background variable H, Tian et al. (2000) further defines conditional PN,
PS and PNS:

PN(X=>Y|H="h)=P(Yy_g =0|Yy_y = 1,X =1,H = h)
PS(X=>Y|H="h) =P(Yy_; = 1|Vyeg = 0,X = 0,H = h)

PNS(X = Y|H=h)=P(Y,_y =0,Y,—; = 1|H = h)

Tian, Jin, and Judea Pearl. “Probabilities of Causation: Bounds and Identification.” Annals of Mathematics and Atrtificial Intelligence, vol. 28, no. 1-4,
2000, pp. 287-313.



|[dentification of Conditional PS and PNS
* Assumptions: monotonicity (Y, o < Y, 1), conditional unconfoundedness (Y, L
X|H)

e |dentification:
P(Y=1|X=0,H = h)

PN(X=YH=h)=1—
(X =YIH=h) P(Y=1X = LH=h)

1-P(Y=1|X=1,H=h)

PS(X=>Y|H=h)=1-
SX=YIH=h)=1-T—F5 X =0 n=h)

PNS(X=>Y|H=h)=P(Y=1|X=1H=h) —
P(Y=1|X=0H=h)

Tian, Jin, and Judea Pearl. “Probabilities of Causation: Bounds and Identification.” Annals of Mathematics and Artificial Intelligence, vol. 28, no. 1-4,
2000, pp. 287-313.
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Path Attribution

e Standard Attribution asks: Does X cause Y?

* Yet mediators widely exist in practice:

e X->M->Y
* Kawakami et al. (2024) integrates mediation
H analysis into Attribution.

Figure 1: A causal graph representing SCM M® Goal: Distinguish whether the treatment
vields the outcome directly or via a mediator.

Kawakami, Yuta, and Tian, Jin. “Mediation Analysis for Probabilities of Causation.” arXiv preprint arXiv:2412.14491, 2024.



Path Attribution

Similar to NDE, NIE in Mediator Analysis, Kawakami et at. (2024) defines:
ND-PNS: Attribution effect along the direct path
NI-PNS: Attribution effect along the mediating path

T-PNS: Total Probability of Necessity and Sufficiency (total attribution
probability)

- We have T-PNS = ND-PNS + NI-PNS

e |t further decomposes the overall causal contribution into direct-path and
indirect-path attribution components, and propose identification conditions.

Kawakami, Yuta, and Tian, Jin. “Mediation Analysis for Probabilities of Causation.” arXiv preprint arXiv:2412.14491, 2024.



Attribution with Two Causes

* Classic Methods’ Limitation: Pearl's PN/PS/PNS models a single
binary exposure/treatment.

* Interactive Exposures: Real-world outcomes often arise from double
interactive exposures (e.g., Smoking X+ Habit X, — Lung CancerY,
the effect of X;and the effect X, are not independent.)

Xl\ | /X2

Luo, Shanshan, Wei Li, Xueli Wang, Shaojie Wei, and Zhi Geng. “Assessing Interactive Causes of an Occurred Outcome Due to Two Binary
Exposures.” Biometrics, vol. 82, no. 2, 2026.



Attribution with Multiple Causes

* Interactive Causal Types: Under monotonicity, 16 counterfactual
types reduce to 6 biologically plausible types.

* Under-Identification: 6 latent types (5 free parameters) yield only 4
observable marginal probabilities. Point identification remains
impossible even in RCTs.



A Downstream Outcome Adds Information

Core idea: observe a secondary outcome W after the primary outcome Y.
Examples: a post-cancer biomarker or a downstream clinical symptom.

W provides extra observed categories that help reconstruct the joint
counterfactual distribution.

Luo, Shanshan, Wei Li, Xueli Wang, Shaojie Wei, and Zhi Geng. “Assessing Interactive Causes of an Occurred Outcome Due to Two Binary
Exposures.” Biometrics, vol. 82, no. 2, 2026.



Attribution With Multiple Causes

_ _ * |n practice, outcomes are usually jointly
7 affected by multiple risk factors: X =

Hb=1

= (Xy, e Xp)

Exercise

(X1)

o] | (N Cnestpan [ T * Lu et al. (2023) introduces a path attribution
R R method, considering PostTCE and PostDCE
el B SLhRRREEEs with multiple risk factors.

0.2

0.85

0.25

- o o o = e o owm

0.9

An outcome may stem from multiple causes. PostTCE and PostDCE distinguish
which factor contributes more and which acts as the direct cause.

Lu, Zitong, et al. “Evaluating Causes of Effects by Posterior Effects of Causes.” Biometrika, vol. 110, no. 2, 2023, pp. 449-465.



Evaluating CoE via Posterior Causal Effects

* Posterior Total Causal Effect: Given Evidence: E = e
PostTCE(X > Y|e) = E(Yy=1 — Y,—ole)

- PN is a special case of PostTCE, where the evidencee = (X =1,Y =

1)

* Posterior Intervention Causal Effect: Given Evidence: E = e
PostICE(X > Y|E =¢e) =E(Y —Y,—o|E = e)

- PD is a special case of PostICE, where the evidencee = (Y = 1)

Lu, Zitong, et al. “Evaluating Causes of Effects by Posterior Effects of Causes.” Biometrika, vol. 110, no. 2, 2023, pp. 449-465.



Attribution with Multiple Outcome Variables

 Lu et al. (2023) Limitation: Evaluates posterior causes based on
a single effect/outcome variableY.

* Multiple Outcome Variables: In medical diagnosis and fault attribution,
a cause typically triggers multiple outcome variables simultaneously
(e.g., positive X-ray Y; and dyspnoea Y, caused by lung cancer X).

% Wear face masks
(Xz2)
Lung cancer
’ (X4)
See spots ' Dyspnoea
(¥2)

(a) (b) (c)

Fig. 1: (a) A modified causal network for the cold or angina example; (b) A Bayesian network
modified from Lauritzen & Spiegelhalter (1988); (¢) A causal network for COVID-19 and flu.

Li, Wei, Zitong Lu, et al. "Retrospective causal inference with multiple effect variables." Biometrika, 111(2), 2024, pp. 573-589.



Three Multivariate Posterior Causal Effects

All three estimands are case-specific: they condition on the observed evidence O = o.

Notation
X« € {0,1} candidate cause or treatment
Y=(Y,,...,Ym) vector of outcome variables
O=0 observed evidence for this case
scalar summary or weighting function
Y potential outcome vector under
: intervention a
D downstream variables or mediators
. fixed in DCE
do* chosen reference value assigned to
k
Dy

Example: g(Y)=w:Y:+ - +wnYs combines several symptoms
into one severity score.

Li et al. (2024), Biometrika 111(2): 573-589. DOI: 10.1093/biomet/asad056

MulPostTCE How much did X, contribute in total?

MulPostTCE(X. = Y | 0=0)
= E{ g(YXk=1) — (Y Xk=0)) | O=0}

Total effect: includes every direct and indirect pathway from X, to F

MulPostICE What would improve if X were removed?

MulPostICE(X, = Y | 0=0)
= E{ g(Y) - g(YXiz0) | O=0}

Intervention effect: compares the observed outcome with removing Xx.
MulPostDCE How much did X, contribute directly?

MulPostDCE(Xx = Y(Dy-d*) | O=0)
= E{ g(YDi-che*)) - §(YXico, D)) | O=0 )

Direct effect: fixes f=d,* and therefore blacks pathways through .

TOTAL=all paths | INTERVENTION =remove Xx | DIRECT = block paths through Dy



Identification Requires Two Explicit Assumptions

The counterfactual contrasts on the previous slide are point identified only when assignment is comparable and response directions are restricted.

1 Strongignorability

{YXiz), YXico } L X | C, O0<P(Xe=1]|C)<1

After adjustment for covariates C, exposure assighment is independent of the relevant potential-outcome vectors; both exposure levels remain
possible.

What it provides: observed X,=1 and X,=0 groups can represent the missing counterfactuals.

2  Multivariate monotonicity

Yj{)(k=1) 2 Yj{)(k=0), j=1,...,m

For a harmful X, and adversely coded outcomes, no component of Y can move in the beneficial direction. Reverse the inequality for a beneficial
treatment.

What it provides: rules out counterfactual response types that observational data cannot distinguish.

Strong ignorability + positivity + multivariate monotonicity =  MulPostTCE, MulPostICE and MulPostDCE are
point identified

Consistency is also assumed. Identification means uniqueness from the observed-data distribution—not that the assumptions are empirically testable.

Li et al. (2024), Biometrika 111(2): 573-589. DOI: 10.1093/biomet/asad056



Attribution With Multi-level Variables

* Classic PoC is mainly designed for binary treatments and outcomes.

* In practice, multi-valued scenarios are prevalent:
Drug dosage: Low / Medium / High

Intervention intensity: None / Weak / Strong

Risk grade: Low / Medium / High
Recommendation policy: A/B/C/D

* Objective: Derive closed-form bounds for PoC under multi-valued
treatments and multi-valued outcomes.

Shu, Xin, et al. “Identification of Probabilities of Causation: From Recursive to Closed-Form Bounds.” arXiv preprint arXiv:2505.15274, 2026.



Attribution with Ordinal Outcomes

* Unstructured vs. Ordinal Outcomes: Classic PoC assumes binary or
unstructured multi-valued outcomes. However, many real-world outcomes
are ordinal (e.g., disease severity stages, customer satisfaction).

Table 1: The Lalonde data with both the experimental source and the matched observational source

experimental data observational data
Y=0 Y=1 Y=2 Y=0 Y=1 Y=2
Z =1 45 32 108 90 64 216

Z =10 92 33 135 115 al) 205

Zhang, Chao, Zhi Geng, Wei Li, and Peng Ding. "ldentifying and bounding the probability of necessity for causes of effects with ordinal outcomes."
Biometrika, 112(3), 2025.



Attribution with Continuous Variables

* Classic PN, PS and PNS apply mostly to binary variables: treatment status,
disease status.

* In reality, many treatments and outcomes are continuous:
drug dosage,

blood glucose level,

blood pressure,

test score,

income level.

Kawakami, Yuta, et al. “Probabilities of Causation for Continuous and Vector Variables.” arXiv preprint arXiv:2405.20487, 2024.



Attribution with Continuous Variatbles

» Kawakami et al. (2024) extends PNS to continuous treatments,

continuous outcomes, and multiple treatments & outcomes.
PNS(y, xO,xl) — P(Yxo <Yy = Yxl)

* Focus on whether the cause pushes the outcome across the
threshold.

Y.,
T Trajectory (1)
Trajectory (2)
Yo=y
X = xg X =1

Figure 1: Trajectories for (1) Y. (u and (2)

Yz (“'p(y:.xl })'

p(y:mr}))

Kawakami, Yuta, et al. “Probabilities of Causation for Continuous and Vector Variables.” arXiv preprint arXiv:2405.20487, 2024.



SCM-Based RCA Models Anomalies Locally

Objective: identify the source variable responsible for an observed anomaly at a
target node.

Anomaly model: a sudden mechanism shift or a local noise spike at one node of
the structural causal model.

X; = fi(pa(Xi), Ei) +6



RCA Attributes Anomalies Along Causal Paths

Given an anomaly score at the target node:

1 Trace upstream causal paths.

2 Decompose the target anomaly score.

3 Assign abnormal contributions to the source nodes’ local noise.

The result explains which upstream disturbance generated the observed failure.

If X->Y ->7 and we observe Z is abnormal, it may be caused by an abnormal Y/X.



The Full Causal DAG Is Rarely Known

Prior causal RCA methods usually assume that the true causal DAG is
fully known.

That assumption is unrealistic in large cloud services, where
dependencies are incomplete or changing.

A practical method must work with weaker structural knowledge.

R

(a) General DAG (b) Polytree

Orchard, William Roy, et al. "Root Cause Analysis of Outliers with Missing Structural Knowledge." Advances in Neural Information Processing Systems
(NeurlPS), 2025.
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- Causal DL under Potential Outcome Framework
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How Deep Learning Helps Causal Inference

e Fit really complicated functions and

distribution.

e Retrieve semantically meaningful

latent features.

e Modern NNs Can Learn to Sample

from Complex Data Distributions



Outline
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- Causal DL under Potential Outcome Framework
Direct Neural PO Estimators

Balanced Representation Learning
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Instrumental Variable (1V)-based Methods

* - Disentangled Representation



Direct Neural PO Estimators

e Goal: Directly estimate the Conditional Average Treatment Effect
(CATE) t(x) = E[Y(1) — Y(0) | X = x] from observational data.

 Examples: S-Learner, T-Learner, X-Learner, IPS-Learner, DR-Learner,
DML, etc. These methods are simple and direct, serving as base
methods for many advanced deep learning methods.



S-learner

Concatenate t as a regular feature with x to train a unified
regression model f: & x {0,1} — ¥:

tl_ mmZ Flzi 1))

4 | The CATE estimator is:

TAS(-X) — f(x, 1) —f(x, O)

It has a simple structure and fully utilizes the data, but may
dilute the effect of treatment t when x is high-dimensional.

Kunzel, S. R., Sekhon, J. S., Bickel, P. J., & Yu, B. (2019). Metalearners for estimating heterogeneous treatment effects using machine
learning. Proceedings of the national academy of sciences, 116(10), 4156-4165.



T-learner

Network for t=0

Network for t=1

IRERER L

Split the dataset by t into the treatment group D; and
control group D,. Train two models independently:

1 = dl‘gﬂ}lﬂ E Yi — m(Iz))E:
1
=D 1

_ 2
flp = arg HEHZ — polx;) )

The CATE estimator is:

Tr(z) = fu(x) — fo(x)

Address the treatment effect dilution problem in S-Learner,
but can only leverage subsample to train each model,
sensitive to unbalanced sample size.

Kunzel, S. R., Sekhon, J. S., Bickel, P. J., & Yu, B. (2019). Metalearners for estimating heterogeneous treatment effects using machine
learning. Proceedings of the national academy of sciences, 116(10), 4156-4165.



DR-learner

e Estimate the propensity score model é(x),and the conditional outcome
models fi; (x), ftg (x).
ti(yi — fn(zi))
é(x;)
(1 —ti)(yi — fro(zi))
1— E(I;:.I

Y1) = fu(2) +

e Compute pseudo-outcomes:
Y;7H(0) = fuo(z:) +

e Compute pseudo-effect: vP% = yPh(1) - yLE(()

e Fit the pseudo-effect: 7p; = argmin’) | (fﬂ-”*'"‘ — *r(-.r,-:J)h

1=1

e Double robustness: Tpp is consistent if either the propensity model or the
outcome model is consistent.

Kennedy, E. H. (2023). Towards optimal doubly robust estimation of heterogeneous causal effects. Electronic Journal of Statistics, 17(2), 3008-3049.
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From Covariates to Representations

* Y(t) isindependent from T given X. Adjustment with X is sufficient.
* However, high-dimensional confounder may be hard to condition on.
Learnt representation is a child of confounder X in the true DAG.

A Good Representation W:
Sufficient: Y L X|W,p(Y|W,X =x) = p(Y|W,X =x")
Balanced: W L T, p(W|T =0) = p(W|T = 1)

Trade-off:
N Lyctua DP(®(X)|T=1),P(®(X)|T =
min Locuy + o D(P(2(X) | T =1), P@(X) | T =0))

Johansson, Fredrik, Uri Shalit, and David Sontag. "Learning
representations for counterfactual inference." International
conference on machine learning. PMLR, 2016.



Balanced Representations Learning

tl N - 1 )disc(@,p, D,.))
BLR framework

X 1 00)) 1 ~I—C] loss(h (D,1),y) %,
d d

Qriginal space

X1

® Control,t =0 @ Treated, t = 1

d(x)
Y |

®(x),

Domain Adaptive

Representation space

D(x)q

® Control, t =0 @ Treated, t = 1

Matching: make Y F estimate “close” to the most similar observed (X, T) pair.

BLR: Use a NN to learn a representation W = @ (X) that are balanced across
Treatment,i.e. P(@(X) I T = 1) ~P(@X)IT=0)

BHa’Y(I)h Z‘h

adisc o (PE, P F)JrWZ\h

Johansson, Fredrik, Uri Shalit, and David Sontag. "Learning
representations for counterfactual inference." International
conference on machine learning. PMLR, 2016.
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CFRNet

LA L (@), y = 1)
= T - L(ho((b),y — YO)

[PMg (95 %, 9% 1)

t

e — e ——

CFRNet: Minimize to force the distribution of @(x) of treatment and
control groups to be similar.
Integral Probability Metric (IPM): measures the distributional distance

between the two groups.
IPMc (p; q) == sup /S g9(s)(p(s) —q(s)) ds

geG
— MSE(Y;, h(®(X;),T; /\IP'U(I)XT—l T = I
hﬂgm ,_Z SE(Y:, M(®(X:), T)) + (2(X|T = 1), 2(X|T = 0)) +a R(h)
=1 Outcnme Loss Dist. b/w T & C covar. distributions La

Shalit, U., Johansson, F. D., & Sontag, D. (2017, July). Estimating individual treatment effect: generalization bounds and algorithms. In International
conference on machine learning (pp. 3076-3085). PMLR.



DragonNet

t=1 Q(lv ) . .
‘ T Find a good representation Z to
Propensity Fgggc_?tr_r; estimate both propensity score
1 (X ; al( - S a— ICtI o
X (X) 9() score head head AND conditional outcome.
t —- 0 g i Q(O‘ )

e BLR, TARNet and CFRNet Learn Representation to serve only the prediction of potential
outcome.

e DragonNet forces the Representation Learning to serve not only the outcome
prediction, but also propensity score prediction. It trains Potential Outcome Model
hi(®(X)), ho(@(X)) and PS model (P (X)) based on the same representation @ (X).

Shi, Claudia, David Blei, and Victor Veitch. "Adapting neural networks for the estimation of treatment effects." Advances in neural
information processing systems 32 (2019).



DESCN: Entire-Space Cross Learning

e ESCR |
Ho u'l X-network T '
.. H 1 Py :
=} -y X0 :
- 1= 1
Sy ¥ \3 E
*1 ' Mo § 1 v e 5
i I Polem g
[ MLP | [ MLP J P l MLP ] [ MLP l i |
' 3 b H i
TR PTE i CR : !Propensity i ! TR PTE i i CR i
I ; Network | INetwork : Network { | Network ' Network | jiNetwork | | H Network i
i . i 1 Control Response (CR) | ' _ ' ' ' == e e
| Propensity™~_1 | ' !
’_N_;y!q_rki___' '———————————;;r——————————————*' | Shared Network (MLP) | | Shared NE':’U”‘S L | |
L : i
Input i Input :
Covariates O O O O ] Cc:\:‘a?rlilattes O O O O | : [ Covariates O O O O ‘ ‘
(a) Entire Space Network (ESN) (b) X-network (c) Deep Entire Space Cross Networks (DESCN)

Entire-space learning: jointly models treatment propensity and both response functions using all

samples.
Cross-network: transfers signal through a pseudo treatment effect, helping when one arm is much

smaller.

Zhong, K., et al. (2022). DESCN: Deep Entire Space Cross Networks for Individual Treatment Effect Estimation. KDD 2022.



ESCFR: Optimal-Transport Balancing

I
F
I
E I | X * R, ]_' ;. [— -
3 |
a I [ r
— | ¢1(R4) :
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© | 4
©
L | %
| ¢olRo) | |}(,D - » R, > o — ?D
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Xo X R Covariate Representation Qutcome estimate

(a) Handling treatment selection bias with ().

(b) Architecture of ESCFR.

Factual

| outcome

Factual

" error

| Treatment

indicator

optimal transport: aligns treated and control representations with a generalized Sinkhorn discrepancy

Wang, H., et al. (2023). Optimal Transport for Treatment Effect Estimation. NeurlPS 2023.
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Representation vs. Generative Modeling

Representation Learning Generative Modeling
Y(1)
X ——| oK < #
Y(0)

Goal: Learn a balancing mapping @: X Goal: Learn the entire joint distribution
— / to reduce extrapolation in X- P(X,Y,Z) by data-generating process.
SpPace. structural mechanisms;

latent causal variables; latent noise:

causal relationships; intervention effects;

invariant representations. counterfactual worlds.

What are the causal variables behind How does the causal system generate

complex observations? observations under interventions?



Latent Feature Construction

e Unobserved confounder Z prevent directadjustment.
e Sometime we can Observe variables X as proxy measurements of

unobserved Z,
e.g. Genetic factors = Blood sugar

Use VAE to recover latents and use them for adjustment.

Variational autoencoder (VAE) can be used to disentangle independent factors from

observations.

Decoder
po(x|z)

A
o

VAE: maximize X
variational lower bound

Louizos, Christos, et al. "Causal effect inference with deep latent-variable models." Advances in neural information processing systems 30
(2017).



CEVAE

Task: Estimate CATE when the true confounder Z is unobserved, but we have
multiple noisy proxies X (e.g., medical test results proxying overall health)

Data Generative Process:

p(z,z,t,y) = p(z)p(z | 2) p(t | 2) p(y | ¢, 2)

The objective from original VAE — ELBO:

N

Lripo = z EqzixptiypllogpXi ti 12;) + logp(y; | t;,2;) + logp(z;) — log q(z; | X;,t;,y;)]
i=1

N

Fcevag = L + Z (logg(t; = t7]x}) + log q(y: = y|x;,t)),
i=1

Two additional terms

Louizos, Christos, et al. "Causal effect inference with deep latent-variable models." Advances in neural information processing systems 30
(2017).



CEVAE

p(xIz)
P(x) - - - - -
A q(ylt=0,x) q(zlt=0,y,x) ~
— — T - _|—>u—*~- _b_, L p(ylt=0,2)
» > > > .. —> . — —
_ T U e U L | > p(ylt=1,2)
> > > e (] ‘;*‘
T gt qyit=lx)  qitslyx) T )
(a) Inference network, q(z, t, y|x). (b) Model network, p(x,z,t,y).
Encoder Decoder
Predict T from X, Predict T from Z,
Y fromX, T X from Z
ZfromX, T Y Y fromT, Z

Louizos, Christos, et al. "Causal effect inference with deep latent-variable models." Advances in neural information processing systems 30
(2017).



TEDVAE Not every covariate is a confounder

(Zt,ZC,Zy) - X, (z,,2.) > T, (2 Zy, T)->Y
pizy) , plxlz; 2. 2,)
p(x) p(zilx)

[ T U [ e p(t)
iEM} - - - plylt=0,z.,z,) . :|:

pizclx)
plzc) ‘ o o pyit=tzez) B | | | | B e :
niEal S B e Py
o T Pﬁ%) . o tﬂ")

— P—

(a) Generative Model. (b) Inference Model.

Disentangled latent factors Lrepvag = ELBO + a;logq(t | 2, 2.) + aylogq(y | zy, 2¢, t)
z;: IV/treatment-only factor

z.: confounding factor

zy,: risk/outcome-only factor

Separates factors, so the outcome
model and effect estimator use the
right latent components.

Zhang, Liu & Li, “Treatment Effect Estimation with Disentangled Latent Factors,” AAAI 2021.



Generative Adversarial Networks (GANSs)

Real Data-generating Process Causal Simulator
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Causal Inference with Deep Learning and Generative Models, UAI 2025 tutorial



GANITE: GAN for ITE

Reframes counterfactual estimation as a generative imputation problem.

Factual outcome as supervised signal and anchor the generator.

Train a GAN to adversarially impute missing potential outcomes.

Discriminator pushes generated counterfactuals toward plausible
potential-outcome patterns.

ITE estimation becomes a supervised learning problem.

Yoon, Jinsung, James Jordon, and Mihaela Van Der Schaar. "GANITE: Estimation of individualized treatment effects using generative adversarial nets."
International conference on learning representations. 2018.



GANITE: GAN for ITE

Reframes counterfactual estimation as a generative imputation problem.

Two-Stage Architecture

Captions

____________________________

1
i O Inputs
E ':____‘- Outputs
L]
' @' Fearare vector
E @ Treatment vector
i @ Potential outcome vector
E @ Facmal outcome
E @ Counterfacual onicome vector i
1 I
i @ Randommess vector
Back propagation
Supervised loss mputs
E = Component 'O

____________________________

Counterfactual block

ITE block

Counterfactual
Generator ()

| ———— pmmmmmbon e
1| Supervised ¥ W X
| Iﬂl:\iﬁfl J- ; "'\jifa'l I‘..yq: i

...........

hhhhhhhhhhh

@_ Counterfactual |
Discrummator (Dg)

GAN loss (Veg) ==~

Qe

ITE Generator
o

! Supervised | 7.7y

'l loss (L) W

= =

@@1

ITE Discriminator |,

(Dy)

| GAN loss (Virg)

Y/ imputation block Gor : (X, T,Y %) - Y/
LCF — EGAN + Oéﬁsup

Generator G, takes (X, t,y/%) and generates
yer.
Discriminator D, distinguishes which outcome is

true vs. generated.

ITE estimation block  I(X) — (Y(0),Y(1))
ﬁITE — cGAN =+ Bcsup

Generator G; takes X and generates both ¥, V;.
Discriminator D; distinguishes between G;'s
output and the complete pairs from Stage 1.

Yoon, Jinsung, James Jordon, and Mihaela Van Der Schaar. "GANITE: Estimation of individualized treatment effects using generative adversarial nets."

International conference on learning representations. 2018.



SCIGAN

TASK — Estimate individualized response curves for continuous treatment and dosage.

CORE IDEA — Generate outcomes over treatment—dosage pairs and use hierarchical
discriminators for treatment and dose.

of |
g(w, d)
’f) ) /XFealures \
wg Z | Noise vector
W§ Factual treatment
W) Treatment to generate
) df) Factual dosage
Counterfactual generator D) Factual out d ) Dosage to generate
----------- : actual outcome
G & .
4 i :“’E)B Duw,; Random dosage samples for treatment W
| | 1 | | i i ":’T-br f Generated dosage-outcome pairs for treatment W
X Wi lds) ys) Z) W

<.
&
s

y EGenem[ed dosage-outcome pairs for all treatments

\__' Input/output ===~* Backpropagation _-/

ﬁ—‘ R @

g(wy, dy [_:S

Bica, I., Jordon, J., & van der Schaar, M. “Estimating the Effects of Continuous-valued Interventions Using GANs.” NeurlPS 2020.



DFITE

TASK — Estimate ITE when confounders are unobserved but prior generative knowledge is
available.

CORE IDEA — Run conditional reverse diffusion over the latent confounder and predict both
potential outcomes.

o q(a:(l:T)? 77‘37(0))
fvis = Ba |lo8 =) GwD )

. ——
Ve e

A B

-

s
— Eq Z DKL q(m(t_l)‘w(t)?m(o)) Hgg(m(t_l)‘w(t)} fr])
—2

~"

— loggg(m(o) \m(l);’nl +Dkr gcp(n\w(o)) | p(n)
& D

s N
FE

Wang, Z., et al. “DFITE: Estimation of Individual Treatment Effect Using Diffusion Model.” ICLR 2024 submission, OpenReview.



DiffPO

TASK — Learn the full distributions of potential outcomes—not only their conditional means.

CORE IDEA — Combine conditional diffusion with an orthogonal loss to reduce selection bias
and quantify uncertainty.

1 o = - Ty g 5 I.-" Y [
I | = I - . == | | - = | |
. x!"“; .h:_.'}a ] x_!"_“_; ':E{-_t_ U #_]' ; \
-
Forsamd Process [ gim | m_1) kx
| .
Reverse Process
Disnoizing fumctisn r.
. fa ; Pa -1 | ¥ 2a) |
[ -—— | 4
II
|
] n ] Mi—1 ur

Ma, Y., Melnychuk, V., Schweisthal, J., & Feuerriegel, S. “DiffPO: A Causal Diffusion Model for Learning Distributions of Potential Outcomes.” NeurlPS 2024.



Outline

 Estimating Causal Effects with Deep Learning
- Deep Learning meets Causal Effect Estimation

- Causal DL under Potential Outcome Framework
Direct Neural PO Estimators

Balanced Representation Learning
Generative Models for Latent Confounders
Instrumental Variable (1V)-based Methods

* - Disentangled Representation



Instrumental Variable (IV)-based methods

* Instrumental Variable (IV) is a powerful tool for addressing hidden
confounding.

* In practice, the reﬂ\s betw:@ variables/ treatment

variables, and outcome variable, can be non-linear and complex,
traditional methods (e.g. 25LS) can not be directly applied.




DeeplV: Instrumental Variables

X

Assume / l \
Y=g9g(T,X)+ L
The “counterfactual”:
h(t,x) = g(t,x) + E[L|X = x] Solve in 2 stage:
Learning g(-) is enough: 1. Do a density estimate of treatment
h(ty,x) — h(ty, x) f (t|x, w) given covariate and
= g(ty, x) — g(ty, x) instrument.

2. Learn the potential outcome predictor
h based on learned f(t|x, w).
n

Need to solve for integral equation:

« E[Y | x,w] = [ h(t,x;)dF(t ,
| xi:Wi) minz: (yi — [ h(t,x;)dF(t | xi,Wl-))

h
=1

Deep IV: A Flexible Approach for Counterfactual Pred. Hartford, Lewis, Leyton-Brown, Taddy, Hartford et al., ICML 2017;



Outline

 Estimating Causal Effects with Deep Learning
- Deep Learning meets Causal Effect Estimation

- Causal DL under Potential Outcome Framework
Direct Neural PO Estimators

Balanced Representation Learning
Generative Models for Latent Confounders
Instrumental Variable (1V)-based Methods

- Disentangled Representation



Disentangled Representation

Unknown transformation

|
X:g(zlj ZQ R Zﬂ)

| t

data latent factors

Entangled Representation: Disentangled Representation:

\ (21, T ey Zy) \ "7,
/ a2y z; s 7)) / 7.,

Causal Representation Learning, AAAI 2025 Tutorial




B-VAE

TASK — Learn interpretable latent factors from observations—without causal labels.

CORE IDEA — Up-weight KL regularization (B > 1) to trade reconstruction fidelity for a
more factorized latent code.

‘F(Q? ¢’= 6* X, Z) > ﬁ(ﬂj (rb X,Z-}.ﬁ) — Eq¢(z|x) [logpg(x|z)] T /8 DKL(QQE’(ZlX)”p(Z)) (4)

Higgins, I., et al. “B-VAE: Learning Basic Visual Concepts with a Constrained Variational Framework.” ICLR 2017.



Causal Disentanglement

Statistical disentanglement (B-VAE) Causal disentanglement (CausalVAE)
n Model a latent causal graph
1_[ p(Zl) Zi = fl(PAU Ei) with EiJ_Ej
=1

Assume Z; L Z; —> Factors can be dependent, but

their exogenous components are

— But real causal factors are _
independent

dependent!

Yang, Mengyue, et al. "Causalvae: Disentangled representation learning via neural structural causal models." Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition. 2021.



Outline

e Causal Attribution in Complex Scenarios
 Estimating Causal Effects with Deep Learning
* Application in Real-World Scenarios



Applications of Causal Technology in Real-World
Scenarios

Natural language

processing

a. Computer Vision b. Recommender System c. Natural Language Processing



Causal Visual Recognition under Spurious Correlations

¢ VVisual models are often trained from observational data.

e The label may have spurious correlation with background, position,
language patterns, or object co-occurrence.

e Causal learning tries to identify the true visual evidence, rather than the
shortcut.



Causal Visual Recognition under Spurious Correlations

Human Action Classification

e

"snow"  "grass" | classify "throwing"
h{a]. "throwing" in diverse contexts by action (correcr)

ERM
—

_ "gr?ss" | :":3"355". _'grass” | classify "throwing"
(b) throwing™ in dominating contexts by "grass" (wrong)

In visual tasks, labels are often correlated with context.

Qi, Jiaxin, et al. “Class Is Invariant to Context and Vice Versa: On Learning Invariance for Out-Of-Distribution Generalization.” arXiv preprint
arXiv:2208.03462, 2025



Application in Computer Vision

e Deconfounding Visual Prediction
e |nvariant Learning for OOD Generalization

e Counterfactual Augmentation for Robust and Fair Recognition



A General Causal View of Visual Bias

(a) Causal Graph (b) Target Intervention (c) Improper Intervention

Figure 3. The causal graphs of visual recognition.

Representing visual recognition as a causal graph:
X<S-Y

Where:

X : Input feature

oY . Prediction

¢S . Confounder, such as background or co-occurrence

pattern.

Confounder S simultaneously influences the input X and the
predicted Y, forming a backdoor path.
The objective is to estimate intervention effect:
P(Y | do(X))
Instead of simple correlation:
P(Y | X)

Wang, Tan, et al. “Causal Attention for Unbiased Visual Recognition.” Proceedings of the IEEE/CVF International Conference on Computer Vision (ICCV),

2021.



Image Recognition: Attention Can Be Misled by
Background

Prediction: Bird B ResNet M ResNet+ CBAM

B ResNet + CaaM (Ours)

(M1

Rare Conte High attention does not always
indicate causal features

T0

65

60

Prediction: Bird

&5 ; J &,
IID Setting OO0D Setting

(a) (b)

55

50

45

40

35

Figure 1. (a) The qualitative attention maps of two images in
NICO [21] using ResNetl8 with CBAM [57]. (b) The accuracies
of three methods: ResNetl8, ResNetl8+CBAM [57] and + CaaM
(Ours) in both IID and OOD settings.

Wang, Tan, et al. “Causal Attention for Unbiased Visual Recognition.” Proceedings of the IEEE/CVF International Conference on Computer Vision (ICCV),
2021.



Unbiased Attention through Causal Interventions

Separating Causal Features from Confounding Features

Step 1: Two complementary
attentions

e One attention branch captures causal features.
e Another complementary branch captures

« Training Data D o |Training Data D
confounding features. & partition 71 S artition 7
Step 2: Iterative partition update ! £ S ' JL
. - 9[} ./41 .»41 —> -; —> 61 -/42 AQ
e Use the confounding branch to discover data W

partitions. l l

Y Y
e Each partition approximates a confounder Eq.(6) Eq.(6)
stratum.

Wang, Tan, et al. “Causal Attention for Unbiased Visual Recognition.” Proceedings of the IEEE/CVF International Conference on Computer Vision (ICCV),
2021.



Visual Grounding: Language-Position Bias

e Task: visual grounding / referring expression comprehension.

e |Input: image X and query R.

e QOutput: target location L.

e Expected behavior: locate the region truly referred to by the query.
e Actual behavior: model may learn language-position shortcuts.

X . Image

R: Language query

L: Target location

(. Unobserved confounder

(T) ® ® Go>X.Go>RG—oLX—>L<R

the brown
harse in from

P(L|do(R),X) # P(L|R,X)

Huang, Jiangiang, et al. “Deconfounded Visual Grounding.” Proceedings of the AAAI Conference on Artificial Intelligence, 2022.



Language-Position Bias in Visual Grounding

Traditional models may not truly understand images,
but rather learn statistical biases relating to language

t 38

brown color sheep 0.5 X and position.

looking ar camera ! .
pt e ' ot ]

b = X

.:||':I mhi: f .fl c:? t 'hm[-m t'mlﬁ;-p For Example:

15 L Of SFee 15l 1 O .

hox center ,-”_M-lf box center in x.axis eThe query contains ‘sheep’, The model tends to

predict the center of the image;
Figure |: Two image examples: one with ground truth loca-
tion of brown color sheep looking at camera; and the other
with a wrong prediction caused by the language bias in the
grounding model. Blue bars denote the distribution of the

center positions of sheep on the y-axis (of the image), and
orange bars for the x-axis (of the image).

Huang, Jiangiang, et al. “Deconfounded Visual Grounding.” Proceedings of the AAAI Conference on Artificial Intelligence, 2022.



Conduct Deconfounded Visual Grounding with a Substitute
Confounder

Conventional Methods [1, 2, 3] Referring Expression Deconfounder (Ours)

’ %

. I -
DN 52 1 “ = >
| r ‘.
1 ) | 1 1
brown color Tduphcate | biased [] | ¢ D .ol
sheep BERT /- ______ I : : :
g — : ‘-

1

1

1

1

1

. I e 444
looking at ! brown color ' — 1
camera ] ) I r=-
location bias l SII:ieep BER Y (Attontion -
corresponding | [] ooking at ' |
camera
to sheep e !
*==""1collect b —
. no bias |
_________________________ Query encode decode Query .
----- The red dotted line links between the feature and the latent 1 L, loss T

location (with or without bias) represented by the feature

eEncode each query into a compact semantic representation.

eGroup similar representations to identify common confounding patterns.
eUse these patterns to remove bias from the language features.

eFeed the deconfounded features into the grounding model.

Huang, Jianqgiang, et al. “Deconfounded Visual Grounding.” Proceedings of the AAAI Conference on Atrtificial Intelligence, 2022.



Application in Computer Vision

e Deconfounding Visual Prediction
e [nvariant Learning for OOD Generalization

e Counterfactual Augmentation for Robust and Fair Recognition



Context Shift / OOD Generalization

X = (XclaSS»Xcontext)

Y « Xclass» Y (>_< Xcontext

The goal is to learn features invariant to context changes.

Qi, Jiaxin, et al. “Class Is Invariant to Context and Vice Versa: On Learning Invariance for Out-Of-Distribution Generalization.” arXiv preprint
arXiv:2208.03462, 2025



Out-of-distribution




Out-of-distribution

On Roa

D g

Sleeping Ups;ide-do‘wn

3



Dog as
content

Grass as context: Strong correlation, weak causality
Dog as content: Strong correlation, strong causality

Grass as
context



IRMCon: Estimate Context Without Context Labels

Principle 1:
Class is invariant to context.

The same class can show in different context.

For example:
COW On grass, cOw on road, cow in snow

Principle 2:
Context is also invariant to class.

The same context can also show in different class.

For example:

grass with cow, grass with dog, grass with person

Context Estimation

£ : || Principle I

"grass" "grass

[c:} context imbalance

- ||estimate by’

LF 121 (most on the action)

[
Principle 2
estlmate I:}y
IRMCon -

(ours) (most on the
hackg round)

Qi, Jiaxin, et al. “Class Is Invariant to Context and Vice Versa: On Learning Invariance for Out-Of-Distribution Generalization.” arXiv preprint

arXiv:2208.03462, 2025



IRMCon: Estimate Context Without Context Labels

P S Balancing Context Bias

Step 1: IRMCon [Contrastive Loss} . {Gradient
Zeleves of 6 el earn context features
' [ Context | Contrastive IRMCon
Loss, Eq. (7)

L that remain consistent
Features in e, 0SS Lete,
odel ¢, : :
( Context ) / Contrastive

across classes.
Features in ey| Loss Let ey,

S
N

”/_» Environment

eEstimate context bias
without manual context

. Step 2: IPW Context Context Linear | GCE loss, \:: data or frozen
' Model ¢ I ‘ Features ’ ‘Classifier, ) Eq.(5) | |
i t ! features mode I 3 b e | S.
' (Traini OF Loss ! forward

ralnlng 1 1 —p [ . )
; — Estmated (] toss . eReweight training
. 0ss Weights ¥ - ;";‘a‘z;i'ei f
|
: St e SRR 1) winabe ren i+ samples to balance
| (@e. f) Loss, Eq.(3) ! mode

------------------------------------------------------------------------------- " context during training.

Qi, Jiaxin, et al. “Class Is Invariant to Context and Vice Versa: On Learning Invariance for Out-Of-Distribution Generalization.” arXiv preprint
arXiv:2208.03462, 2025



Heterogeneous Risk Minimization

Modern datasets are frequently assembled by merging data from multiple sources
without explicit source labels, which means there are not multiple environments but
only one pooled dataset.

O OQO XS




Heterogeneous Risk Minimization

Theorem (Why using only ¥7)

For ej, ej € supp(&ir), assume that X = [®*,U*|T satisfying Invariance and
C%t% Heterogeneity Assumption, where ®* is invariant and W* variant. Then we have

Q0 DL (P (Y|X)||P9(Y|X)) < Dkr(P(Y|¥*)||PI(Y[T))

| Pooled |
~
Data — MC — Elearn ‘{ .Mp

r
Boosting
F n

-
N A
A7

Learned Variant Part « Convert Learned MIP Invariant

w(X) (X) Predictor

Jiashuo Liu, Zheyuan Hu, Peng Cui, Bo Li, Zheyan Shen. Heterogeneous Risk Minimization. ICML, 2021.



Application in Computer Vision

e Deconfounding Visual Prediction
e |nvariant Learning for OOD Generalization

e Counterfactual Augmentation



Counterfactual Augmentation: Breaking Spurious
Correlations

e Training data often contains spurious correlations.
e Models may learn the correlated feature instead of the causal feature.

e Counterfactual augmentation changes the spurious factor while keeping
the target semantics controlled.

e The goal is to force the model to rely on causal evidence.

If the non-causal factor changes, the prediction should remain stable. If the
causal factor changes, the prediction should change.

Chen, Long, et al. “Counterfactual Samples Synthesizing and Training for Robust Visual Question Answering.” IEEE Transactions on Pattern Analysis and Machine Intelligence,



Robust VQA

e Problem: VOA models may exploit
language bias or partial visual

[:) surfing ‘

)
z
O
:
&)

Y

o information.
:::'n;' inutr:a water §> HgQST |:>|surﬁngr‘
Image & Question Models Answers Referenoe’ﬂeglans o A r()bu st VQA mOdEI ShOUId be:
(a) Visual-Explainable Ability e Visual-explainable: rely on the
. ;[ wnatis the color ofthe luagage| ) [ | [)[biuel correct image regions.
Qs it s the color of thebus | ) () biue| X e Question-sensitive: respond to ke

changes in the question.

What is the color of the luggage Ij) L :} blue v
What is the color of the bus |:> +CSST |:> red |/

Image Questions Models  Answers

(b) Question-Sensitive Ability

Chen, Long, et al. “Counterfactual Samples Synthesizing and Training for Robust Visual Question Answering.” IEEE Transactions on Pattern Analysis and Machine Intelligence,



Constructing Counterfactual Images and Counterfactual
Questions

Counterfactual Idea: Change the Key Evidence

Original sample:

(1,Q) » A

Visual counterfactual:
(I\object: Q) - A’

Question counterfactual:
(I, Q\word) - A"

e |f a critical object is removed, the answer should change.
e |f a critical word is removed, the answer should change.
e The model must distinguish original and counterfactual samples.

Chen, Long, et al. “Counterfactual Samples Synthesizing and Training for Robust Visual Question Answering.” IEEE Transactions on Pattern Analysis and Machine Intelligence,



Applications of Causal Technology in Real-World Scenarios

Natural language

processing

a. Computer Vision b. Recommender System c. Natural Language Processing



Recommender System

* Information explosion era

E-commerce: 310 million users and 12 million items by
Amazon.

« Social networks: 3.049 billion users in Facebook.

« Content sharing platforms: 720,000 hours videos
uploaded to YouTube per day.

« Recommender system (RS)

g g m Information seeking

simil: l via implicit feedback

i LD Recommendation systems are
Recommendation a powerful tool for tackling

information overload

Chen, J., Wang, X., Feng, F., & He, X. (2021, September). Bias Issues and Solutions in Recommender
System: Tutorial on the RecSys 2021.




Recommender System

@®Given:

@®a set of users U = {uq,u,, ..., u,}

@®a set of items I = {iq, iy, ..., 10}

@®To learn a model to predict preference for each user-item pair.

@®The collected data are missing not at random

, Predicted Score History feedback
& 3[211]4 3 1
ol2]3]s5 ~ (23] |5].00
~ B 214|515 2 5

®Goal of RS g2
Predicted Score Label Matrix R

3|2]1]4 3/4[2]5
2|2|3|5| &~ |[1][3]2]5
ABEE 23|44

Chen, J., Wang, X., Feng, F., & He, X. (2021, September). Bias Issues and Solutions in Recommender
System: Tutorial on the RecSys 2021.



Recommender System

e Goal of RS: Training a user-item preference model, making the predicted
score closer to the real feedback, and to provide each user with the
items they are most interested in.

* Challenge in RS:
1. Label Missing Not At Random (Non-random missing)
2. Noisy Feedback
3. Delayed Feedback



Causal Frameworks in Recommendation Systems

Formalization of “what would the response be if recommending an item to a user?”

* Unit:a user-item pair (u, 1)

* Target population: the set of all user-item pairs:D =U X [

* Feature: the feature x,, ; describes user-item pair (u, i)

* Treatment:o,; € {0,1}, which is the indicator of the exposure/click of (u,i),i.e., 0y;
= 1 means item i is exposed to/clicked by user u, otherwise 0,,; = 0

 Potential outcome:r, ;(0) for o € {0,1}, which is the outcome that would be observed if 0, ;
had been set to o.

* Observed Outcome:the response 1y, ; of (u,i), e.g, rating/conversion

P[rll-i' - 1|xu,i' :‘IILI'! ﬂll,.i' — 1} |:> l::m[:ru.i{lJII — 1|xu.i — 'ru.i]
Associational Definition Causal Estimand

Peng Wu*, Haoxuan Li*, Yuhao Deng, Wenjie Hu, Quanyu Dai, Zhenhua Dong, Jie Sun, Rui Zhang, Xiao-Hua Zhou** (2022), “On the
Opportunity of Causal Learning in Recommendation Systems: Foundation, Estimation, Prediction and Challenges”, [JCAI 22.



Recommender System

Challenge in RS:
1. Label Missing Not At Random (Non-random missing)
2. Noisy Feedback
3. Delayed Feedback



The Selection Bias in Recommender System

* Definition: Selection bias happens in explicit feedback data as users
are free to choose which items to rate, so that the observed ratings
are not a representative sample of all ratings.

31 a2 15 Selection bias 3|4 5 I
13|25 ' 3 5
pr(u,i) # pp(u,i)
T ( 2 D 2 : ’ 5
2 (3144 3144 i l
- <
0.6 ' 0.6
0.5
Z—;- E_- 0.4
g _5‘0 X [1] Tobias Schnabel, Adith Swaminathan, Ashudeep
= = Singh, Navin Chandak, and Thorsten Joachims. 2016.
0.1 Recommendations as Treatments: Debiasing Learning
i and Evaluation. In ICML.
1 ZR B | 4 5 1 2 3 4 5 [2] B. M. Marlin, R. S. Zemel, S. Roweis, and M. Slaney,
ating values Rating values

“Collaborative filtering and the missing at random
(a) Random (b) User-selected assumption,” in UAI, 2007



Three Common Debias Methods
e Re-Weighting

e Assign weights to each sample to rebalance their contribution to the model’s

training.

e Re-Labeling

e Generate new pseudo-labels for missing or biased data.

e Doubly Robust (DR)
e Combining Re-Weighting and Re-Labeling, constructing estimators with double

robustness to Model Specification Errors.



Propensity Score (Re-Weighting)

34|25 o 3| 4 5 3|4 5
Selection bias Reweighting
2 * | 1 9] | |mmememem—m———- > 3
2134 |4| prui)p,(ui)|2]3]|4]4 21344

]
qd1 .% 1. The Godfather

d2 (B 2 The Marix Simple and straightforward.

Theoretical soundness.

qs ! 3. The Dark Knight

4 : é 4. The Wolf of Wall Street I

High Variance.
| Difficult to set proper propensity score.
Requires positivity.

Lipw(S,q) = Y Arpw (2, | )

TET, Tobias Schnabel, Adith Swaminathan, Ashudeep Singh, Navin Chandak, and Thorsten Joachims. 201 6.
3 Recommendations as Treatments: Debiasing Learning and Evaluation. In ICML
B Z A (_.'IT Y ' ﬂ-q)

P T — | T. Joachims, A. Swaminathan, and T. Schnabel, “Unbiased learning-to-rank with biased feedback,” in WSDM, 2017,
(Oq = | Wq) pp. 781-789

;rETrq,o';;':l.y:l




Data Imputation (Re-Labeling)

True Preference Training data Imputation data
314 |2]|5 3|4 S 31425
Selection bias Data imputation
113215 S 3 A r— » |2[3]2]5
o 3|alalpi)p,(ui 213|414 213|41|4

* Relabeling: assigns pseudo-labels for missing data.

-—

argmlnz ( O‘i‘" f(u, z|6’))+Reg(6’)

— —

S i m P I e a n d St ra igh tfo rwa rd B H. Steck, “Training and testing of recommender systems on data

missing not at random,” in KDD, 2010, pp. 713-722.

X. Wang, R. Zhang, Y. Sun, and |. Qi, “Doubly robust joint

Se n S itive tO th e im P Utati O n St rategy- Ie;zrning ):'or.recomn’?ef.?datirjm on r;fatc; missing not at random,”
. . in ICML, 2019, pp. 6638-6647
Imputing proper pseudo-labels is

more difficult.




Doubly Robust (Re-Weighting + Re-Labeling)

314|215 o 3|4 5 | Relabeling+ 3|14|2]5
Selection bias ' ) _R_e"_veligf‘ t_in_g . (238 |4
2|3 ala| Pprwd)zp,(ui) | 2]3]4]a4 213 |4]a

* Doubly Robust: combines IPS and data imputation for robustness.

A 1 . O . 5
Jip = Z —(5(rw.,rm))+ Z (l—ﬁ)é’(rm,mm)

(u.,i)eDy )O;;i uel ,iel )Om'

m Imputation

O.=1[(u,iye D
Low Variance. = X(u,i) € D, ]

Relatively robust to the propensity score and imputation value.

Requires proper imputation or propensity strategy.

Xiaojie Wang, Rui Zhang, Yu Sun, and Jianzhong Qi. 2019. Doubly rebust joint learning for recommendation on

data missing not at random. In ICML.



Multiple Robust Learning in Recommendations(MR)

Doubly Robust (DR) requires accuracy in IPS models or interpolation models.

If both models are slightly misaligned, the bias in DR learning can be very severe.

In fact, it is difficult to achieve high Multiple Robustness (MR): Don’t rely on just
accuracy with a single model. — one model; use multiple candidates and

their linear combinations.

4 I 4 I
Double Robust Multiple Robust

o smecgy | Y | () (e ,my)

- / - /

Haoxuan Li, Quanyu Dai, ..., Xiao-Hua Zhou* "Multiple Robust Learning for Recommendation." AAAI, 2023.



Multiple Robust Learning in Recommendations(MR)

o Multiple candidate models

o —

= | L]
Imputation models

Oramm-m

e Use multiple propensity models.

Propensity models

] (o) (3] -

e Use multiple outcome imputation models.

Haoxuan Li, Quanyu Dai, ...,

b

9 Combine model outputs

Propensity )
models (O \\\, Py
. \-\-\* L
Imputation = ®
models /
® Combined

representation
(feature vector)

e (Collect predictions from all models.

¢ Build one combined representation.

~

e

e Learn the MR estimator

y
X x
illa |-
{':HR EStin_"EI_'::r} Unbiased
é earn weights g recommendation
estimate

e Learn a weighted combination.

* Remain unbiased if one maodel or
a valid combination is correct.

I
#

~
-.-

Key idea: combining multiple propensity and imputation models
improves robustness and preserves unbiased estimation.

Xiao-Hua Zhou* "Multiple Robust Learning for Recommendation." AAAI, 2023.




Recommender System

Challenge in RS:
1. Label Missing Not At Random (Non-random missing)
2. Noisy Feedback
3. Delayed Feedback



Debiased Recommendation with Noisy Feedback

1. Noisy feedback 2. True vs. observed outcome m

True preference False positive o carved label

o O o R

X False negative )
Recommender attack / Hidden (typellerror)  What we Debiased recommendation

corrupted labels e psierence) ehsenve model
\ b \ v N Y

® Observed labels may differ from true user preference.
® Noisy feedback creates outcome measurement error.
® Need correction for false positives and false negatives.

\I.f

-()- Core idea: learn from observed feedback while correcting label noise.

Li, Haoxuan, Zheng, Chunyuan, ..., Zhou Xiao-Hua* “Debiased recommendation with noisy feedback.” KDD, 2024.



Debiased Recommendation with Noisy Feedback

True Prediction Inaccuracy

Under OME, the true prediction inaccuracy P* of the prediction model is formally defined as

P* = P(R,R*) = Z el s
(u,i)eD

where e}, ; = ((fo(xu.,i). 7}, ;) s called the true prediction error:

e Surrogate loss ¢ (fo(xy.i), 7y i) based on the observed labels 7, ; is used for unbiased learning

E;-h-*[g(ﬁ?(?ruz T ] = ( ff) fuz) :;)

Li, Haoxuan, Zheng, Chunyuan, ..., Zhou Xiao-Hua* “Debiased recommendation with noisy feedback.” KDD, 2024.



Debiased Recommendation with Noisy Feedback

The Proposed OME-DR Estimator

The OME-DR estimator estimates P* = P(R, R*) with

~ _ 1 Ow,i _
gOME—DR.(Rs R’ po1, p1o) = — Z (1 — = ] Cuyi +

D i

‘ | (UJ’)E'D pU,,,

ﬁ Z 0’:1;?37"1'1,,’6 . (1 — 910) f(fe (1Jiu:) 1) - P()lf(fe(ill‘u,v;)a 0) 4
(w.i)eD Pu,i Po1 — P10

S Z Ou,ill —rui) (1= por) l(fo(@u,i),0) — prol(fo(wu,), 1)

D| (DD Pu,i L — po1 — p1o

which is an unbiased estimate of the true prediction inaccuracy when either the imputed errors or the

learned propensities are accurate, i.e., €, ; = €, OF Dy = Pu.i» Where €, ; = 1y i - U(fo(xy.i). 1) +

(1 T Tu,i) ' E(fg(l'u:?;), O)

Li, Haoxuan, Zheng, Chunyuan, ..., Zhou Xiao-Hua* “Debiased recommendation with noisy feedback.” KDD, 2024.



Recommender System

Challenge in RS:
1. Label Missing Not At Random (Non-random missing)
2. Noisy Feedback
3. Delayed Feedback



Debiased Learning under Delayed Feedback
Delayed Feedback + MNAR

Table 2: Delayed Feedback Formalization.

Implicit feedback | Delayed time | DLA-DF [1]
Notation | X; O; C; Y D; E;| O;in [1]
v o1 1 1|v(=E) Vv 1
Exposed | v 72 (1) 2 (1) 0|? (> E;) Vv 0
v 7(1) 7(0) 0 N/A vV 0
v 7(0) 7(1) 0 ? v 0
Unexposed | /50y 2(0) 0| N/A v 0

X: Set of features
O € {0, 1}: Whether the user - item pair is observed in the dataset.
C € {0, 1}: Whether a conversion will finally happen.

D = 0: Delay between click and conversion.

E = 0: Observation time (elapsed time) after the click.

Y . Observed conversion.

Hu, Taojun, and Zhou Xiao-Hua*. "Debiasing the Conversion Rate Prediction Model in the Presence of Delayed Implicit Feedback." Entropy 26.9
(2024): 792.




Debiased Learning under Delayed Feedback

Delayed Feedback + MNAR Setup

Ours: Explicitly modelling the false negative feedback due to:
(a) MNAR [Selection Bias];
(b) Delayed feedback [Delayed feedback];

Yi=1<+= 0;,=1,C;=1,D; < E;;

Our method requires the following 3 models:

(1) Propensity model: Pr(O; =1 | X = x;);

(2) Preference model: Pr(C; =1 | Oz =1, X = x;);

(3) Delayed feedback model: Pr(D; =d | O; =1,C; =1, X = x;).

Hu, Taojun, and Zhou Xiao-Hua*. "Debiasing the Conversion Rate Prediction Model in the Presence of Delayed Implicit Feedback." Entropy 26.9
(2024): 792.



Debiased Learning under Delayed Feedback

The likelihood of negative and positive samples
For positive samples:

P(Y:LD:di‘XZ$@,E:€?;):P(O:1‘X@)-P(C:1‘OZl,szi)
P(D=d; |0O=1,C =1,X = x;).

For negative samples:
+PO=1|X=x)-PC=0|0=1,X = x;)

Hu, Taojun, and Zhou Xiao-Hua*. "Debiasing the Conversion Rate Prediction Model in the Presence of Delayed Implicit Feedback." Entropy 26.9
(2024): 792.



Uplift Modeling

o

$R Coupon

6 Promotion ﬁ Recommendation

Definition
Treatment = an intervention such as

! Notification

Exposure

|I'Q

Zhong,

Uplift / ITE
7(x) = P(Buy | treated, x)

@

— P(Buy | not treated, x)

Goal: find users/items/actions that
create the largest incremental gain.

Standard CTR/CVR
predicts response

>

Buy if treated
Yes

No

Uplift >
predicts causal gain

Persuadables

10,
<

Sure things

&

Lost causes

&

Sleeping dogs
z

2‘#

PR

No

Yes

Buy if not treated

@ Best targets: Persuadables

& Avoid harming Sleeping Dogs
(?J Recommendation
p 4 should rank by uplift

Kailiang, et al. "Descn: Deep entire space cross networks for individual treatment effect estimation.” KDD 2022.




Uplift Modeling

-

LS

=
A

1{‘!}
'

Treatm

@ Typical Recsys Actions

Coupon / Discount

Push Notification

Ad / Campaign Exposure

ltem Recommendation /
Ranking

ent = which action to show,
when, and to whom.

~

@ Comparison

.

probability

Traditional Ranking
Ranks by click / conversion

o
| Q- Decision Logic
User + Item + Estimate uplift for Rank by 5?{“’9 top
Context each action/item incremental gain positive-uplift
actions.
' 7 ™y ' ™ '
@ Predicted Uplift 7(x
a — = DR
ﬁ > " tem A I +0.18 ® '
e item B | +0.05 w1J
OQ= A item C |l -0.03 )
User Features . L
profile, history, Candidate Top-K
conte)(t Actlonsf Items Reco]nm‘dat]m
L A R —
Key idea: recommend items/actions that change behavior,
not those users would do anyway.
\ — >

©
©
S
©

»
@ Business Value

Target Persuadables
maximize conversions / GMV

Avoid Sure Things

save budget on users
who buy anyway

Avoid Sleeping Dogs
reduce negative
intervention effects

Improve ROI

better marketing and
recommendation efficiency

=

Uplift Ranking
Ranks by incremental effect

L,

Outcome

Higher gain, lower waste,
better user experience

Zhong, Kailiang, et al. "Descn: Deep entire space cross networks for individual treatment effect estimation.” KDD 2022.




Applications of Causal Technology in Real-World Scenarios

Natural language

processing

a. Computer Vision b. Recommender System ¢. Natural Language Processing



Application in NLP

e Causality on Language Models

1. Text as Confounders

2. Text as Treatment

e (Causality on Large Language Models



Text as Confounders: Using Text to Reduce Hidden Bias

Social

In observational studies, treatment is not
randomly assigned.

P media
(%) posts
4 f Important confounders may be hidden in text.
- N\
|Confounder Occupation)

> (Z)
Treatment Outcome
K(T) (Y)

Smoking

If we ignore text, the estimated causal effect
may be biased.

The goal is to use text to control hidden
differences before comparing outcomes.

Observed text X helps measure latent confounders Z.

Keith K, Jensen D, O’Connor B. Text and causal inference: A review of using text to remove confounding from causal estimates[C]//Proceedings of
the 58th Annual Meeting of the Association for Computational Linguistics. 2020: 5332-5344.



Topical Inverse Regression Matching (TIRM)

TIRM matches documents on two dimensions:
1. Topic content
e Documents should discuss similar topics.
1. Treatment propensity
e Documents should have similar probability of being treated.

Main steps:

e Learn a low-dimensional representation of each document.

e Match treated and control documents in this representation space.
e Estimate the treatment effect on the matched sample.

e Manually inspect matched texts to check comparability.

Roberts, Margaret E., et al. “Adjusting for Confounding with Text Matching.” American Journal of Political Science, vol. 64, no. 4, 2020, pp. 887-903.



Application in NLP

e (Causality on Language Models

1. Text as Confounders

2. Text as Treatment

e (Causality on Large Language Models



Sentiment Classification

The Problem: Spurious Correlations in Text Classification

Models may rely on words that are correlated
with the label but do not causally indicate it.

ﬁ Hewexr.f: A fantastic movie * ( Predict F'c-sitive\': x
by Spielberg!” e . )

Spurious correlation: “Spielberg" — Positive
(Director's name is correlated, not causal)

) < r Review: “A truly wonderful ‘ -.-F;redir.;t F'ositi\:re \/
‘I’ and touching film." 2 J

Genuine correlation: "wonderful” — Positive
(Word meaning is causally related to sentiment)

Why It Matters
Dataset Shift Fairness Trust & Robustness

Interpretability

Logistic regresse coeffictiont (8)

1
-t
=

=2.0 1

Example: Sentiment Classification (IMDB)

Spurious Positive Genuine Positive
2.0 ) i
e animated | joyous
|
|
ospielberg | ¢ masterpiece

1.0 - |
* seavy :

|

I

o
1
|
|
|
1
|
|
|
|
|
|
i
|
i
1
|

- .
1
|
|
|
|
|

Spurious Negative Genuine Negative

heavy failure
» seagal

boring

0.08 0.10 0.12 0.14 0.16

Average similarity with matched counterfactual example

We aim to distinguish spurious correlations (left side)
@ from genuine correlations (right side).

Wang, Zhao, and Aron Culotta. "ldentifying spurious correlations for robust text classification.” Findings of the association for computational linguistics:

EMNLP 2020



Sentiment Classification

1. Overall Idea 2. Word Classifier 3. Feature Construction
Train a word classifier to predict Supervised classifier e T S ey
whether a word's correlation (Spurious = 1, Genuine = 0) Original sentence s
with the label is spurious (1) —  ..W;.. — Predict yr
or genuine (0) using features
derived from treatment effect Q o Counterfactual sentence s

(replace w, with [MASK])
— ..|MASK)... — Predict fcr

estimation. o “\:L .

Lk 8

O

s s G o o Treatment effect (impact):
h=§- .i"t:j-'
Labeled I

sentences Treatment effect O Spurious (1) Example Features (per word)

features O Genuine (0)
* Impact on prediction (r,)

= Change in prediction probability

= Context similarity (original vs. counterfactual)
= Match quality of counterfactual

* ... (total <10 features)

Training set:
200-300 labeled words

Wang, Zhao, and Aron Culotta. "ldentifying spurious correlations for robust text classification.” Findings of the association for computational linguistics:
EMNLP 2020



Application in NLP

e (Causality on Language Models

1. Text as Confounders

2. Text as Treatment

e Causality on Large Language Models



Spurious Correlation in LLM

Model

Examples

Issues

LLaMa3

Q: Who does "he” refer to in the sentence ”"The
physician hired the secretary because he is highly
recommended” ?

A: In the sentence ”'The physician hired the secretary
because he is highly recommended,” "he” refers to
the physician.

According to labor statis-
tics, the pronoun ‘she’
is more frequently associ-
ated with secretaries than
with physicians. So 'he’ is
assumed as physicians.

GPT-40

Q: what is the bird’s nest?

A: The Bird’s Nest is the popular nickname for the
National Stadium in Beijing, China ...

Q: What is the bird’s nest?

A: A bird’s nest is a structure created by birds to
lay their eggs, incubate them, and raise their young

Lowercase what pro- mpts
Chinese landmarks (e.g.,
National Stadium), while
uppercase What elicits
physical or general mean-
ings (e.g., a bird’s nest).

Wu, Anpeng, et al. "Causality for Large Language Models." arXiv:2410.16319 (2024




Hallucination— A Spurious Correlation Perspective

A->B B->A

-

X
|  GPT-4 correctly answers questions like the former 79% of the time (A -> B),
compared to 33% for the latter (B -> A).
| One possible reason is there is a high co-occurrences between “Tom Cruise”
following a “Mary Lee Pfeiffer”, but not a reverse one. If LLM only predicts next

token without performs causal reasoning, questions for B -> A is more

challenging.

Berglund, Lukas, et al. "The Reversal Curse: LLMs trained on “Ais B” fail to learn “B is A

"." ICLK



Data Augmentation — One Possible Solution

Transformation Training example

None Cruise was born on July 3, 1962, in Syracuse, New York, to Mary Lee Pfeiffer.

Word reversal . Pfeiffer Lee Mary to, York New , Syracuse in, 1962, 3 July on born was Cruise

Entity-preserving | . Mary Lee Pfeiffer to, Syracuse, New Yorkin, 1962, 3 July on born was Cruise
reversal

Random segment | [REV] York, to Mary Lee Pfeiffer . [REV] in Syracuse, New [REV]
reversal on July 3, 1962, [REV] born [REV] Cruise was

e One possible solution is data augmentation for the training data, such as reverse the word or the entity

ordering in the sentence.
e In addition, adding some same meaning sentence with different expression, such as “X implies Y” with
“Not X implies not Y.”, “The cup is on the table” with “The table is under the cup”.

e However, data augmentation is not a one-and-done approach to solve the problem of hallucinations

from the source.

Golovneva, Olga, et al. "Reverse training to nurse the reversal curse.” arXiv:2403.13799 (20:



Case Study: Number Bias in LLMs

@ Playg round Complete ©

)-

10+10=20

20 = 56.12%

CI €,

VS

2+18=20

20 =19.32%

244

Tested on Jan 24, 2024 using gpt-3.5-turbo-instruct (with temperature O)



Case Study: Number Bias in LLMs

10+10=20 2+18=20

20 =19.32%

20 = 56.12%
Desired Causality

Model-Learned Causality

Arithm. @

E.g., 10 £.2., 107 | spurious Correlation

Correct

Arithm.

245
Stolfo, et al. "A Causal Framework to Quantify the Robustness of Mathematical Reasoning with Language Models." ACL, 2023.



“No Feedback” in Implicit preference data is not
equal to negative sample

e

........................... -1 T e e e e | premrmrmrmemememimim i m e am s m ] ‘

! Please list the planets in the solar | ! "Please list the planets in the solar o I'mfeeling a bit overwhelmed | ;. I'mfecling a bit overwhelmed |

(o\ 3 3 P ' 2 P ' i rork : with my work 3
i system in order from the Sun. | | i system in order from the Sun. | | . with my work. . il s i

@ £ = Neroury: Vens, Earih, Mo~ | @ K  Vorouy Venes, Mo o | @ Oy S eomorRby, et yen | @ ’ You should try working harder and i
i Jupiter, Saturn, Uranus, Neptune. 1 Saturn, Uranus, Neptune. 3 '. eyes, and focus on your breath. | I managing your time properly. H

a . ¢ There are no comMmon-sense error in | 2 ¢ There is a common-sense error in it: ; | a " The suggestion is actionable and | R Tt just made me feel worse. I am not |
this response. [ am satisfied and will | 1 Earth is not involved. [ am not | concrete. [ am satisfied with this | I \ satisfied and want to end it. [ don't |

: copy it to my document. | + satisfied and will close the query. ; response and will close the dialogue. | ; feellike giving any feedback. |

[} Action: [COPY FULL TEXT] 5 | " Action: [COPY _NO_TEXT] A | " Action: [Nonef 3 I 3 Action: [None| g

(a) Positive and active sample. (b) Negative and active sample. (c) Positive and passive sample. (d) Negative and passive sample.
Figure 1 Four typical generation processes of implicit preference data, where “copy” represents user feedback. We denote the

true user preference as positive (r* = 1) or negative (r* = 0), and the user interaction as active (a = 1) or passive (a = 0).
Different colors indicate different r*. The user prompts come from two scenarios: knowledge QA (a-b) and open dialogue (c-d).

e Implicit feedback inclides copy, click, share and so on.

e Question 1: There are no explicit negative samples. Not copying does not mean
dissatisfaction.

e Question 2: Feedback tendencies differ across tasks. Knowledge based QA is more likely
to be copied, while open ended dialogue may not be copied even when users are
satisfied.

e Therefore, no feedback cannot be simply treated as negative.
Wang, Hao, et al. “ImplicitRM: Unbiased Reward Modeling from Implicit Preference Data for LLM Alignment.” arXiv preprint arXiv:2603.23184, 2026.



There Is No Universally Optimal Data Mixture

Existing mixture-optimization methods usually learn a global mapping:

T-Y

where T is the domain mixture and Yis downstream performance.

However, the effect of a mixture depends on the current data pool:

quality,
difficulty,
complexity,
writing style.

CAUSALMIX therefore asks a localized causal question:
Under the current data state, what is the marginal causal effect of increasing each

data domain?

Tang, Zinan, et al. “CAUSALMIX: Data Mixture as Causal Inference for Language Model Training.” arXiv preprint arXiv:2607.01104, 2026.



Personalization LLM

.
Model-side Causal Preference Modeling
LLM(h,x, V) ,Nﬂrmal Prediction
h X y<r & EEEEN
W LLM
| MCE
LLM(x, Y<¢)
X V<t | p =S rHH‘I
Causal Preference effects
\ y

Y|

L, Z Zwt (fo(x, h,y<t), ye)

(:17 h,y)eD t=1

Zhao, Xiaoyan et al. NextQuill: CAUSAL PREFERENCE MODELING FOR ENHANCING LLM PERSONALIZATION, ICLR 2026



Causal Representation Learmng in RLHF

@ Motivation

@

Standard
Reward Model
* Predicts reward from (x, y)
9 Learns y @
spurious cues e

Length Sycophancy Style /

format

Standard reward rises with length

o Reward Hacking
in RLHF

A

Problem: reward models may optimize
shortcuts, not true preference.

== Standard Reward Model
— — Human Preference

Score
(higher is
better)

v

Short Response length Long

|

o

ot

CIEEE—

Prompt x 1 ﬁ
| ! LLM
Backbone
i
Response y
Use only z°€
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prediction

€ Method: Ty

Context

embedding h [ Predicted

Reward reward
= Nihead =

Adversarial
— < - GRL
head 9 .

J! J

*]—p Reconstructed
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HININ
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[Non-causal factor z"¢

Reconstruction
decoder

E=

Adversarially Reconstruct h
remove reward info to avoid
from z"¢ collapse

pS

€]

better RLHF generalization.

Outcome: more robust reward models, less reward hacking,

[ 4 Robustness ] [ 4 00D Performance J

Yang,

Yupel, et al.

“Factored Causal Representation Learning for Robust Reward Modeling in RLHF.”

ICML 2026.




Thanks for your attention!

cyzheng@stu.pku.edu.cn
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