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Motivation: Elucidate why treatment effects are different

Treatment :ﬁ\ : Harmed

Outcome

" hh

e.g., vaccination, education program e.g., immunity, grades

: No effect
/i\ : Benefited

Many existing methods use a complex ML model to accurately
estimate heterogeneous treatment effects across individuals.
However, they offer no answer to the following question:

Different individuals have different treatment effects. Why?
We answer this question by solving the feature selection problem:

Input: Observations of features X, Output: Features related to

treatment effect heterogeneity

p = 0.002 p =0.019 p =0.035

treatment 4, and outcome Y
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-]

80 y.o.
64 y.o.
32 y.o.
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Our Contributions

Novel feature importance measure
Its computationally efficient estimator
Selection algorithm that controls Type I error

1.
2.
3.

Proposed method

Our Goal: Detect features whose values affect the functionals of
joint distribution P(Y°, Y1|X,,, = x) (e.g., treatment effect variance)

1. Detecting distributional treatment etfect moditiers

Idea: If the discrepancy between P(Y°|X,,, = x) and P(Y*|X,,, = x)

depends on X,,, = x, then joint distribution also depends on X,,, = x.
P(Y" |x) Different Different

0 y1 0 vij.*x

Measured by kernel MMD [2]: D2 (x) := MMD*(P(Y" | X,, = x),P(Y' | X,, = x))
*YO,Y0’|Xm:X,;1:x[kY(YOa YO,)] T in,Yl'le:X,fn:x[kY(Yla Yl,)] -2 iYO,Ylle:x[kY(YOa Yl)]

To detect the MMD value variation, we formulate feature importance
measure as the variance of Squared MMD:

I, == Var[D;,(X,,)].
2. Estimating importance measure with IPW and RFFs

P(Yllx )

Using inverse probability weighting IPW), we reformulate D, (x) as
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=EBan XX, 1y X, =X, =x[W (A, X)W (A", XD)ky (Y, Y7). %(;1 EO%
+Baax_,x . vy %, =x,—xw (A, X w (A", X Yy (Y, Y'), wi(4,X) = e(X)

—2Banx_,x. vrix,-x, - WA, X>w1<A’ Xky(Y,Y))].

Empirical estimator: D}, (x) := Z Z wo wax o xw} x)
i=1 j=I
I(xmz — X)
n w (Cll x,) W =
TS Iy = ) otherwise, ¢
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To reduce the computation time, we approximate k, with RFFs [3]:

ky(inyj) ~ kyGiny) = @O 20 )=r eostiy 6
which yields V2cos(d,y +¢,)
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3. Multiple tests with Cond1t10na1 random1zat10n test (CRT)
We select features by performing multiple hypothesis tests:

Hom: 1, =0 and Hin:I1,>0. (m=1,..,
To approximately compute the threshold, we employ the CRT [4]:

Approximate P, with resampled datasets

ax

If X, is discrete,;

Wa(ai,xi)
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Traditional mean-based approaches

Using the CATE conditioned on a single feature (i.e., the average

treatment effect across individuals with identical attribute X,,, = x):
T,.(x) =E[Y'-Y"| X, = x]
= E[Y' | X, = x] —E[Y’ | X, = x], (1)

the existing methods (e.g., [1]) seek treatment effect modifiers:

Definition 1 (Rothman et al. [2008]). Feature X,, is said to
be a treatment effect modifier if there are at least two values
of Xpn, X and X3\ (X, # X)), such that CATE T,, in (1) takes
different values, i.e., T,,(x,,) # Tp(X).

Weakness: Mean-based methods may overlook important features

Example: P(Y°,Y' | X =0) P(Y%,Y' | X =1)

y0 v -1 0 1 | Total y0 v -1 0 1 | Total

1 |0 0 0] 0 1 [0 0 0] 0

0 |05 0 05| 10 0 |0 1.0 0| 10

1 0 0 0| 0 1 |0 0 0] 0

Total |05 0 05| 10 Total |0 1.0 0] 10
Individuals with X=0 Individuals with X=1

rAAA
Y —v% _—141+1-1 0 0 0 O
[Yt —Y9X]: 0 = 0 Identical means
Var[Y! —YO|X]: 1 + 0 Different variances

How can we detect distributional heterogeneity?

Experimental results

Synthetic data We compare our method with the two baselines:

1. SI-EM [1]: Mean-based approach

2. Naive: Approximate the null distribution via a naive bootstrap
1"#$%08&H#H
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Proposed achieves high TPR while controlling FPR

Real-world data We use health record dataset (from NHANES)

Treatment A: obesity  Outcome Y: low-grade systemic inflammation
Features X: e.g., age, gender, race, past medical history (e.g., asthma, stroke)

Feature Adjusted p-value

Age 0.0075 + 0.0305

Gender 0.0046 + 0.0269  Not detected
Number of cigarettes smoked | 0.0 +0.0 <« by SI-EM
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