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Abstract

Discovering subgroups with the maximum average treatment
effect is crucial for targeted decision making in domains
such as precision medicine, public policy, and education.
While most prior work is formulated in the potential-outcome
framework, the corresponding structural causal model (SCM)
for this task has been largely overlooked. In practice, two ap-
proaches dominate. The first estimates pointwise conditional
treatment effects and then fits a tree on those estimates, ef-
fectively turning subgroup estimation into the harder prob-
lem of accurate pointwise estimation. The second constructs
decision trees or rule sets with ad-hoc ‘causal’ heuristics, typ-
ically without rigorous justification for why a given heuristic
may be used or whether such heuristics are necessary at all.
We address these issues by studying the problem directly un-
der the SCM framework. Under the assumption of a partition-
based model, we show that optimal subgroup discovery re-
duces to recovering the data-generating models and hence a
standard supervised learning problem (regression or classi-
fication). This allows us to adopt any partition-based meth-
ods to learn the subgroup from data. We instantiate the ap-
proach with CART, arguably one of the most widely used
tree-based methods, to learn the subgroup with maximum
treatment effect. Finally, on a large collection of synthetic
and semi-synthetic datasets, we compare our method against
a wide range of baselines and find that our approach, which
avoids such causal heuristics, more accurately identifies sub-
groups with maximum treatment effect.

Code — https://github.com/ylincen/causal-subgroup
Extended version — https://arxiv.org/pdf/2511.20189

Introduction

Subgroup discovery is the task of learning a subgroup, typ-
ically described by interpretable rules, from data such that
the distribution of a target quantity deviates from that of the
full dataset (Atzmueller 2015). In causal inference, the quan-
tity of interest is often the treatment effect, and many works
aim to learn subgroups whose effects are enhanced relative
to the overall population or a baseline (Su et al. 2009; Wang
and Rudin 2022). Such analyses have proved useful in appli-
cation domains such as healthcare (Lipkovich, Dmitrienko,
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and B D’Agostino Sr 2017; Rothwell 2005; Loh, Cao, and
Zhou 2019) and education (Athey and Wager 2019).

In this paper we focus on discovering the subgroup with
the maximum average treatment effect, which we name as
the maximum-effect subgroup, not merely a subgroup with
an enhanced or above-average effect. Rather than to char-
acterize the heterogeneity of the treatment effects for the
whole population in general, we aim to ask for a single op-
timum, which can answer questions like which subgroup
of patients can benefit most from a certain disease treat-
ment plan (Zhang et al. 2017; Goligher et al. 2023; Nag-
pal et al. 2020). Importantly, this maximum-effect objec-
tive also provides a foundation for understanding hetero-
geneity more generally: one can iteratively remove the dis-
covered subgroup and re-apply the method to the remain-
ing instances—an approach often referred to as sequential
covering or divide-and-conquer (Fiirnkranz, Gamberger, and
Lavrac¢ 2012; Cohen 1995).

Existing methods for learning subgroups with enhanced
treatment effects from data largely take the following
two approaches. The first approach takes a two-step pro-
cess (Foster, Taylor, and Ruberg 2011; Huang, Tang, and
Kenney 2025): 1) estimating the pointwise conditional treat-
ment effect, and 2) applying an off-the-shelf subgroup dis-
covery method (Lavra¢ et al. 2004; Van Leeuwen and
Knobbe 2012) or fitting a partition-based model, e.g., a clas-
sification tree (Breiman et al. 1984) or a rule set (Clark and
Niblett 1989), to the estimated pointwise effects to obtain the
subgroups with enhanced treatment effects. While flexible,
this strategy converts subgroup discovery into the arguably
harder task of accurately estimating pointwise conditional
treatment effects, and the learned subgroups can be highly
sensitive to the pointwise estimation error.

The second approach directly tries to search for subgroups
with enhanced treatment effects (Zhou et al. 2024; Dussel-
dorp and Van Mechelen 2014; Athey and Imbens 2016; Su
et al. 2009). It estimates the subgroup treatment effect (i.e.,
the treatment effect conditioned on the subgroup) and uses
that estimate to design the heuristics for searching the sub-
groups. Algorithmically, the search can be achieved by ei-
ther a tree-based approach, i.e., grow a tree and pick a sub-
group from the leaves (Dusseldorp and Van Mechelen 2014;
Su et al. 2009), or a rule-based approach that typically re-
duces to a combinatorial optimization problem (Zhou et al.



2024). In practice, these methods often blend the estimated
subgroup treatment effect with regularization terms (based
on the number of instances contained in the subgroups).
However, the proposed heuristics typically lacked theoret-
ical justification at the time they were introduced, and, when
the goal is to find the maximum-effect subgroup, two issues
arise: 1) while a large number of different heuristics have
been proposed, which heuristic, if any, is theoretically ap-
propriate for identifying the maximizer, and 2) are special-
ized ‘causal’ heuristics necessary at all?

Thus, these questions hinder the naive approach of using
existing methods that discover the subgroups with enhanced
treatment effect and then pick the single subgroup within
them as the maximum-effect subgroup.

To tackle these shortcomings, we leverage the structural
causal model (SCM) framework, and prove that, under the
assumption of a partition-based model, the task of learn-
ing the maximum-effect subgroup can be reduced to a stan-
dard supervised learning task that aims to reveal the data-
generating model. We instantiate this approach by training a
CART (Breiman et al. 1984) tree, one of the most commonly
used methods for supervised learning. We empirically com-
pare against commonly used baseline methods, using both
synthetic and semi-synthetic datasets. We demonstrate that
our approach, even with the classic yet simple CART algo-
rithm, shows superior performance in the task of maximum-
effect subgroup discovery. To our knowledge, this is the first
work to ground maximum-effect subgroup discovery within
structural causal inference via rigorous theoretical results.

It is noteworthy to mention that our primary contribution
is not to propose a new, specific heuristic and/or algorithm
for discovering subgroups with maximum treatment effects;
instead, we provide a theoretical result that offers insights
into whether ‘causal’ heuristics are unnecessary for the task
of subgroup discovery in this context. Our empirical results
are aimed at justifying the general approach of reducing
the task of discovering the maximum-effect subgroup to the
standard supervised machine learning tasks.

Related Work

Existing methods for discovering subgroups with maxi-
mum/enhanced treatment effects can be categorized into
three approaches. The first approach aims to learn a deci-
sion tree or a decision rule set, with specifically designed
learning criteria and/or heuristics that are tailored for causal
inference. These criteria/heuristics often combine an empir-
ical estimate of the subgroup treatment effect—computed
by selecting instances that satisfy the rule that describes
this subgroup and averaging outcomes within treatment
and control—with regularization terms. For instance, the
seminal work Causal Tree (Athey and Imbens 2016) esti-
mates the average treatment effect within each node and
uses an unbiased proxy for the mean-squared error of the
treatment-effect estimator for splitting and pruning, since in-
dividual counterfactual outcomes are unobserved. Further,
QUINT (Dusseldorp and Van Mechelen 2014) adopts the
weighted sum of the subgroup treatment effect of each leaf
node plus a term that encourages large subgroup size as the
splitting criterion. As QUINT uses a bootstrap procedure for
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pruning with an expensive computational cost, the scalabil-
ity is limited. Similarly, Interaction Tree (Su et al. 2009) uses
the difference between the subgroup treatment effects of two
children nodes (standardized by the estimated pooled vari-
ance) as the splitting criterion.

Beyond trees, SIDES (Lipkovich et al. 2011) directly
searches for subgroups without explicitly building a tree.
SIDES provides several heuristics to split a subgroup into
more refined subgroups, and essentially leaves the choice of
which heuristic to use to the users. Last, the more recent
rule set methods, including CURLS (Zhou et al. 2024) and
MOSIC (Chen et al. 2025), adopt a similar criterion in learn-
ing a rule set and directly maximize the subgroup treatment
effect, regularized by a model complexity term.

Thus, we conclude that although various criteria have
been proposed, there is still no principled guideline for de-
termining which is most appropriate to use in a given practi-
cal scenario. Our theoretical analysis and superior empirical
experiment results both challenge the necessity of leverag-
ing such learning objectives and/or algorithmic heuristics to
learn the maximum-effect subgroup.

The second approach first estimates pointwise conditional
treatment effects and then partitions the feature space using
those estimates. Specifically, Virtual Twins (Foster, Taylor,
and Ruberg 2011) first builds a predictive model to predict
the counterfactual outcomes by setting the treatment vari-
able to zero or one. Then, it fits a tree or regressor to pro-
duce approximately homogeneous-effect regions. Similarly,
the X-learner (Kiinzel et al. 2019) first splits the dataset into
the treatment (i.e., the treatment variable 7' = 1) and the
control group (I' = 0), then separately learns two mod-
els to predict the conditional treatment effect of individual
points, and finally applies any supervised method to model
the pointwise conditional treatment effects. Further, Distill
Tree (Huang, Tang, and Kenney 2025) can leverage any off-
the-shelf method that predicts pointwise conditional treat-
ment effect, and then use a ‘student model’ to distill the
subgroups. The first step here is often referred to as the
task of (individual) conditional treatment effect estimation,
which can be achieved by various approaches, including
double machine learning (Chernozhukov et al. 2018), meta-
learners (Nie and Wager 2021; Kiinzel et al. 2019), (en-
semble) tree methods (ATHEY, TIBSHIRANI, and WAGER
2019; Hahn, Murray, and Carvalho 2020), and (deep) rep-
resentation learning (Curth and Van der Schaar 2021; Shi,
Blei, and Veitch 2019; Lee et al. 2025) (although not all
these methods have been considered in learning subgroups
with the maximum or enhanced treatment effects).

We argue that estimating pointwise conditional treatment
effect is a much harder problem than estimating the sub-
group treatment effect in practice; hence, the variance of the
estimator is in general large and will highly depend on the
chosen model.

The third approach is model-based recursive partition-
ing (Seibold, Zeileis, and Hothorn 2016). Unlike the pre-
vious two families, it does not treat the subgroup effect as
constant. Instead, it starts with a global predictive model that
associates the target variable Y with the feature variables X
and treatment variable 7. It then iteratively splits the feature



space into hyper-cubes, and refits model parameters within
each region. However, as shown by our theoretical results, a
subgroup that maximizes the average treatment effect must
exhibit homogeneous pointwise treatment effects (which we
explain in detail later). By design, model-based approaches
allow within-subgroup variation and therefore do not target
the maximume-effect subgroup as defined here.

Theory

We first review the basic concept of structural causal mod-
els and the definition of ‘rules’. Then, we show that the
maximum-effect subgroup must have a homogeneous point-
wise conditional treatment effect. Last, we introduce the
partition-based model and present our main theorem, which
states that learning the maximum-effect subgroup reduces to
the task of learning the underlying data-generating process.

Preliminaries

Structural causal models. A structural causal model
(SCM) is a set of functions that fully specifies the data-
generating process: given a set of variables {‘/i}ie{l,..,m}’
a SCM can be specified by a set of functions V;
fi(pa(V;),U;), in which pa(V;) denotes the parent nodes
of V; and all U; are independent (Pearl 2009). The causal
relationship is often represented as a directed acyclic graph
(DAG) with nodes {V;} where there is a directed edge from
Vi to V; if V; € pa(V;). Given an SCM, we can spec-
ify an intervention distribution, denoted as P(V;|do(V;
v;)), as the conditional probability of V; specified by the
SCM model after replacing the original equation V; =
Filpa(V;),Uy) by V; = v;.

Under certain conditions (Pearl 2012), the intervention
distribution P(V;|do(V; = v;)) can be computed from ex-
pressions written based on the observational distribution.
This is often referred to as ‘identifiability’, and can be used
to estimate P(V;|do(V; = v;)) from the observational data.

Subgroups and rules. A subgroup is often described by a
rule, which is a logical conjunction of literals (Van Leeuwen
and Knobbe 2012; Zhou et al. 2024): given a dataset with
feature variables X, j € {1,...,m}, a literal is in the form
of X; € IR, in which X is a single feature variable and R;
represents a subset of the domain of X;; hence, a rule can
be denoted as a conjunction of several literals A\ X; € R;.

Causal subgroup discovery

We first consider the general form of structural causal model
(SCM) for estimating treatment effect, i.e.,

X = NXaT = fT(Xv NT)aY = fY(TaXv Ny),
Nx, Np, Ny are independent exogenous noises,

with the DAG as shown in Fig. 1.

T~

X T Y

Figure 1: The DAG for causal subgroup discovery.
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X can be a multivariate random variable with its domain
denoted as X. Further, we also assume that there are no hid-
den confounders that can affect both the treatment variable
T and the target variable Y. !

To simplify notations, we assume that X is discrete and
Y is a binary target variable when developing our theory.
However, our theoretical results can be directly extended to
continuous X (by replacing the Y with the integral sign in
our derivations) and to numeric targets (by simply replacing
the P(.) with E(.)). Our experiments do contain datasets
with continuous X and Y.

Our goal is to find a subgroup such that the treatment ef-
fect of the subgroup is maximized. Specifically, we define
the subgroup treatment effect as follows.

Definition 1 (Subgroup treatment effect). Givena QQ C X,
in which X is the domain of X, we say Q is a subgroup, and
meanwhile we define the subgroup treatment effect as

AQ) == P(Y =1]do(T :=1),X € Q)—

P(Y =1do(T:=0),X € Q). (1)

We hence formally state our problem as finding the
maximum-effect subgroup

Q" = arg mgx A(Q). ()
Further, under the assumption that there exists no hidden
confounder and P(X € Q) > 0 (i.e., subgroups with prob-
ability zero are not interesting in practice), A(Q) is identifi-
able from the observational distribution:

Proposition 1 (Identifiable). A(Q) = Ex|xco[P(Y =
1T =1,X) — P(Y = 1T = 0,X)] under the assump-
tions stated above.

The proof is deferred to the supplementary materials of
the extended version. Next, we can further prove that
an maximum-effect subgroup QQ* must have homogeneous
treatment effect, which we formally define as follows:

Definition 2 (Subgroup with a homogeneous treatment ef-
fect). A subgroup Q@ C X has homogeneous treatment effect
ifvQ' C Q, A(Q) = A(Q'). Equivalently, as Q' can be a
subset that contains only one single point, i.e., Q' = {z'} for
some x' € X, we also have A(Q) = A(X = z),Vz € Q,
in which A(X = z) := P(Y|do(T = 1),X = z) —
P(Y|do(T :=0), X = x).

The next theorem justifies the approach of finding the
maximum-effect subgroup through subgroups with homo-
geneous treatment effects.

Theorem 1. For a subset Q' C Q, if A(Q') < A(Q) the
we must have A(Q \ Q') > A(Q), and the equality A(Q

Q") = A(Q) only holds when A(Q') = A(Q).

"Previous methods for the task of subgroup discovery for en-
hanced/maximum treatment effects (Athey and Imbens 2016; Dus-
seldorp and Van Mechelen 2014; Su et al. 2009; Wang and Rudin
2022; Zhou et al. 2024) often leverage the potential outcome
framework (Rubin 1974), and they often have the “exchangeabil-
ity” (Rosenbaum and Rubin 1983) assumption, which is equivalent
to the no hidden-confounder assumption.

. \



Proof.
AQ) =) (P(Y =1|do(T :=1),X

TEQ
P(Y = 1|d0(T =0),X =1))
=1ldo(T :=1),X

-y
z€Q’
P(Y =1|do(T :=0), X = 2))P(X = 2| X € Q)+

> (P(Y =1]do(T := 1), X = z)—
TEQ\Q'
P(Y = 1|do(T

x)—

(X =z[X €Q)

P

x)—

=0),X=2)P(X =z|X € Q)

(3)
P(X =2,X €

Note that Vz € @', we have P(X =
Q’), and as a result

x)

PX=2,Xe€qQ)
PXeQ)

= P(X IXGQ)i'

P(X=2/X€Q) =

_PX=2)P(X Q)
P(X € Q)P(X €Q)

Similarly, we can also show that

P(Xe€Q\Q)
P(X €Q)

= z|X € Q) in Eq. 3, we have

P(XeQ\Q)
P(X €Q)

PX=z|XecQ) =PX=zXecQ\Q)

Thus, by substituting P(X

P(X Q)

AQ) = AQ") +

Hence
min{A(Q", Q\ Q"} < A(Q) < max{A(Q",Q\Q'}; 4
AQ\Q). O

Thus, an maximum-effect subgroup Q* must have homo-
geneous treatment effect (otherwise the subgroup can be fur-
ther split and one of the subsets will have a higher average
treatment effect).

and the equality only holds when A(Q’) =

Our proposed model

We propose a partition-based model, which we formally de-
fine by the following structural causal model (SCM):

Definition 3. The partition-based model is defined as
X = NXvT = fT(Xa NT))

I
Y = fy(T,) i-1x,(X), Ny)

1
K, CX.Vi,jel,K;NK; =0,
Nx, N, Ny are independent exogenous noises,

in which 1, (.) is the indicator function which is equal to
one if X € K; (otherwise, it is zero), and I = {1,2, ..., |I|}
is an index set. The causal relationship among variables can
be represented by Figure I as well.
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In the partition-based model, we assume the feature space
can be partitioned into small subsets, within each the condi-
tional probability P(Y|X,do(T = t)),t € {0, 1} becomes
homogeneous; i.e., Vo € K;, P(Y|X = z,do(T =t)) =
P(Y|X € K;,do(T =1t)).

Although most subgroup discovery methods adopt the po-
tential outcome framework (Rubin 1974), we argue that they
often implicitly assume this partition-based model. Specifi-
cally, when predicting the subgroup treatment effects, all in-
stances in the same subgroup (or a tree leaf node for tree-
based methods) are assigned with a single predicted out-
come for T' = t, where t € {0, 1} (Athey and Imbens 2016).

We next show that under the condition that the data is
generated according to the partition-based model (Def. 3),
the subgroup that maximizes the treatment effect, defined in
Eq. 1,is one of the K;,¢ € I.

Theorem 2. Denote S =), i1, (X),K; C X,Vi,j €
IK:NK; = 0. Denote A(S = i) = P(Y = 1S =
i,do(T := 1)) P(Y =1|S =4,do(T :=0)), and without

loss of generality, assume that

AS=1)>A(S=i),Viel (5)
Then, VQ C X, we have
AS=1)>P(Y =1|X €Q,do(T :=1))
—P(Y =11X € Q,do(T :=0)) (6)

Proof. Without loss of generality, we assume that S # 0 no
matter what value X takes. This can be achieved by making
the last subgroup K,, = X \ (Ujeqa,....n—11 ). The right
hand side (RHS) of Eq. 6 is

.....

@ P

RHS @ (Y =1,X€Q|do(T:=1))

PIX € Qldo(T = 1))
P(Y =1,X € Q|do(T :=0))
P(X € Q|do(T :=0))
® > P(Y =1,X€Qn K;|do(T
B P(X € Q|do(T :=1))
=1,X € QNK,|do(T :=0))
P(X € Q[do(T := 0))
XGQﬂK|d0(T =1))
P(X € Q|do(T :=1))

=1)

2 P

-2(5

P(Y =1|X € QN K;,do(T := 1)))*

P(X € QN K;|do(T := 0))
Z( P(X € Qdo(T = 0))
P(Y = 11X € QN K;,do(T := 0)))
© Z(P(Y =1|X € QN K;,do(T := 1))~
P(Y =1|X € QN K;,do(T := 0)))%



<d>zw(p(y: 1|8 = i,do(T :=1))—

P(X €q@Q)
P(Y =1|S =i,do(T :O)))
© P(X € QNK;) B B o
< Z TQ)(P(Y =1|S =1,do(T :=1))—
P(Y =1|8 =1,do(T :=0)))
= LHS of Eq. 6,

where in: (a) we use the Bayes rule; (b) we partition the
event {X € Q} into subsets {X € Q N K, };c1; (c) we use
the rule of ‘deletion of intervention’ of do-calculus (Pearl
2009); (d) we leverage our partition-based model property

that since Y = fy(T,37i - 1x,(X), Ny), P(Y|S =
i,do(T =t)) = P(Y|X € K;,do(T =1t)) = P(Y|X €
K;NQ,do(T =t)); (e) we use the assumption Eq. 5. [

Theorem 2 states that, under a partition-based model that
divides the feature space into subsets { K; };¢, the subgroup
@™ that maximizes the subgroup treatment effect must be
one of the partition subset, i.e., Q* = argmax;c; A(K;).
Consequently, searching for the maximum-effect subgroup
reduces to two steps: 1) recovering the data-generating parti-
tion, e.g., by maximum likelihood (equivalently, minimizing
cross-entropy) or a surrogate such as the Gini index used by
CART (Breiman et al. 1984), and 2) evaluating the learned
subsets and selecting the one with the largest estimated treat-
ment effect. In practice, the learned partition typically con-
tains far fewer subsets than the sample size (to avoid overfit-
ting), so scanning all subsets is computationally lightweight.

In sum, our theorem questions the necessity of using be-
spoke ‘causal’ heuristics and/or learning criteria for discov-
ering maximum-effect subgroups. Instead, Theorem 2 indi-
cates that we can use any off-the-shelf decision-tree-based
or rule-based methods for classification (for nominal Y') or
regression (for continuous Y') for such task.

Learning the Subgroup from Data

As our Theorem 2 does not restrict us to use any spe-
cific learning method, we instantiate our approach with
CART (Breiman et al. 1984), a widely used tree method for
classification and regression. Notably, rather than propos-
ing a specific, new algorithm for learning maximum-effect
subgroups, we aim to empirically validate the general ap-
proach of learning such subgroups by reducing it to a stan-
dard classification or regression task. Hence, other advanced
tree/rule-based methods can be adopted here as well (Yang
and van Leeuwen 2022, 2024; Hu, Rudin, and Seltzer 2019;
Brita, van der Linden, and Demirovi¢ 2025).

Specifically, for a discrete target variable Y, we fit a
CART decision tree, together with the standard criterion
Gini-index. Gini-index is a surrogate loss of cross-entropy
loss, and hence an approximation for maximizing the likeli-
hood. Meanwhile, for a continuous target variable, we fit a
CART regression tree, with the standard mean squared error
(MSE) as the learning criterion (Breiman et al. 1984). For
numeric targets, optimizing MSE corresponds to maximum
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likelihood under the assumption that the conditional distri-
bution of the target variable is Gaussian. To mitigate over-
fitting, we apply the common approach of cost-complexity
tree pruning with the help of cross-validation.

After the decision (regression) tree is learned from data,
we next describe how to find the subgroup with the max-
imum treatment effect. Given any leaf node of the learn
tree, the path from the root node to this leaf node can be
considered a single rule R. Hence, each rule defines a sub-
group (hyper-rectangle) of the feature space X which we
denote as (). Notably, if rule R contains a condition of
T = t,(t € {0,1}), the subgroup is obtained by ignoring
the internal node that contains the condition for the treat-
ment variable 7T'.

To estimate the subgroup treatment effect of the subgroup
@, we adopt ‘honest’ inference that is proposed in the pre-
vious work of Causal Tree (Athey and Imbens 2016). Be-
fore we train the decision (regression) tree, we randomly
split the dataset into the training and test sets. We first train
the decision (regression) tree model with the training set;
then, with the model learned from it, we estimate the treat-
ment effect for each subgroup with the test set. Precisely,
given the instances of the test set that is contained in the
subgroup ), we further split it into two subsets, one with

= 0 and the other with 7' = 1. With these two sub-
sets, we can calculate the empirical conditional probability
PY|T=tX€Q),te{0,1}.

Next, since CART aims to partition the feature space
such that each leaf node contains instances with approxi-
mately homogeneous conditional probabilities, its estimate
of P(Y|X,T) for all instances reaching a particular leaf
@ is given by the empirical average of the target values of
those instances: e.g., for 7' = 1 and a binary target Y = 1,

> {(z,t,y)eD:y=1,2€Q,t=1}|
PV =1X =2, T =1) = G nebecainT ~
P(Y =1|X € Q,T = 1), in which D denotes the dataset

and |.| denotes set cardinality. By substituting these empiri-
cal estimates into the expression in Proposition 1, we obtain
the proposed estimator for A(Q):

AQ) := P(Y

Finally, we go over all subgroups and pick the subgroup
with the highest estimated treatment effect as our maximum-

effect subgroup learned from data, which we denote as Q

=1XeQ,T=1)-PY=1XeQ,T=0).

The advantage over ‘causal’ heuristics

Guided by Theorem 1, one might be tempted to maximize
the empirical subgroup treatment effects and use it as a
heuristic when learning the tree-based partition model. For
instance, when splitting a tree node () into two children Q,
and @ g, one could regard each tree node as a subgroup (as
previously described), and build the heuristics in the form of
max{A(Qr), A(Qr)}, or |A(Qr) — A(QRr)|. These heuris-
tics are commonly used in previous works (Dusseldorp and
Van Mechelen 2014; Athey and Imbens 2016; Su et al. 2009)
as specifically designed ‘causal’ heuristics.

However, these heuristics are fragile because A(Q) re-
quires accurate estimation of both terms in the definition of
A(Q) (Eq. 1). During tree growth, imbalances between the



treatment (7" = 1) and control (7" = 0) groups are common.
For instance, the extreme case would be that there are many
data points satisfying the condition {T' = 1 A X € Q} yet
few points satisfying the condition {T = 0 A X € Q}.
Under such circumstances, one might prefer to shrink @
to potentially increase P(Y = 1|T = 1,X € Q), while
also being inclined to expand () such that it contains more
instances, in order to have a more reliable estimation for
P(Y =1|T = 0,X € Q). These objectives are inherently
conflicting and cannot be achieved simultaneously.

Thus, leveraging A(Q) as splitting heuristics either leads
to large variance in the training phase and the risk of overfit-
ting, or a compromise between the two subsets of instances
with 7' = 1 and T" = 0, respectively. We avoid this pitfall
by optimizing the Gini index, a well-behaved surrogate for
cross-entropy (i.e., log-likelihood maximization). This ob-
jective remains stable under imbalance and defers the treat-
ment effect estimation to an ‘honest’ stage where both sub-
sets with (7" = 1) and (T = 0) are adequately supported.
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Figure 2: The sample sizes versus the absolute value of
the difference between the estimated treatment effect of the
learned subgroup () and that of the ground-truth subgroup
Qg¢ (lower is better). All simulations are repeated 50 times,
and we use the error bar to represent the standard error.

Experiment
Implementation and baseline methods

We consider seven baseline methods in total. Five use
specifically designed causal heuristics to learn the sub-
groups, including SIDES (Lipkovich et al. 2011; Lip-
kovich, Dmitrienko, and B D’ Agostino Sr 2017), Interaction
Trees (Su et al. 2009), QUINT (Dusseldorp and Van Meche-
len 2014), Causal Tree (Athey and Imbens 2016), and the
recently proposed CURLS (Zhou et al. 2024). The remain-
ing two adopt the two-step approach, i.e., first estimating
the pointwise conditional treatment effect and then fitting
a model to the pointwise estimates to learn the subgroups.
These include Virtual Twins (VT) (Foster, Taylor, and Ru-
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Figure 3: The sample sizes versus the Jaccard similarity of

the learned subgroup Q and the ground-truth subgroup Q4
(higher is better). All simulations are repeated 50 times, and
we use the error bar to represent the standard error.

berg 2011) (only suitable for binary targets), and the recently
proposed Distill Tree (Huang, Tang, and Kenney 2025).

To ensure a fair comparison, we use the same ‘honest’ in-
ference protocol for all methods (i.e., to train the model on a
training split, and to estimate the subgroup treatment effects
on a held-out test split). All hyperparameters are tuned as in
the original baseline work; when unspecified, we follow the
authors’ tuning procedures or use the default values from
their code. The full implementation details are included in
the supplementary materials.

Synthetic Datasets

We consider the following simulations: 1) (Simulation 1)
when features and treatment are independent, i.c., the
features X1, X2 ~ N(0,1), the treatment T ~ Ber(0.5),
and the target Y|X; > 1 AT =1 ~ Ber(0.8), Y|X; <
—1AT = 0 ~ Ber(0.75), Y|otherwise ~ Ber(0.2),
in which Ber(.) represents the Bernoulli distribution; 2)
(Simulation 2) when features and treatment are depen-
dent, i.e., the features X, Xo ~ N(0, 1) and the treatment
T|X1 >= 0~ Ber(0.8), T|X; < 0 ~ Ber(0.2), and the
target Y is generated as in the previous case; 3) (Simulation
3) Rule list simulator. The features X1, ..., X5 ~ N(0,1)
and the treatment 7' ~ Ber(0.5). Define rule; : X; >
—1& Xy > —1& X3 > —1,ruley : X1 > —1& X5 >
—1& —ruley, rules : X7 > —1& —rule; & —rules. Then
Y|T = 1,rule; ~ Ber(0.8), Y|T = 1,rules ~ Ber(0.6),
Y|T = 1,rules ~ Ber(0.4), and Y|otherwise ~ Ber(0.2).
We vary the sample sizes from 1000 to 5000, and re-
peat the simulation 50 times. We first apply our method to

learn the maximum-effect subgroup Q from data, and obtain

the estimated subgroup treatment effect denoted as A(Q)
Next, as we know the ground-truth maximum-effect sub-
group, which we denote as ()4, we also investigate its es-



timated subgroup treatment effect, denoted as A(Qgt). We

report the difference between them |A(Q) — A(Qy:)| (lower
is better) in Figure 2, and meanwhile report the Jaccard simi-
larity between the instances contained in @ 4+ and those con-
tained in Q in Figure 3 (higher is better).

As shown in Figures 2-3, our method performers compet-
itive in Simulation 1 and 2 where the ground-truth partition
contains only two subgroups. Notably, several heuristics-
driven causal methods already begin to fail in these sim-
ple cases, either showing suboptimal effect estimates or poor
subgroup recovery. In Simulation 3, our method clearly out-
performs the five heuristics-driven baselines in both metrics
with smaller absolute effect error and higher Jaccard similar-
ity. Further, although the two-step approach algorithm Distill
Tree is a close competitor in effect error (Figure 2), it per-
forms substantially worse in Jaccard similarity (Figure 3).

Mean ground-truth Proportions of ranked

Method subgroup treatment effect  first among all 77 datasets
Ours 10.540 0.519
CURLS 7.410 0.180
CausalTree 7.843 0.143
DistillTree 7.451 0.130
InteractionTree 6.280 0.039
QUINT 5.135 0.000
SIDES 4.622 0.013

Table 1: Ground-truth subgroup treatment effect for the
learned subgroups of the 77 semi-synthetic datasets (higher
is better). Our method ranks first in 51.9% of all datasets.

Semi-synthetic Datasets

We consider the commonly used semi-synthetic simulator
ACIC-2016 (Dorie et al. 2019), which can generate semi-
synthetic datasets based on the Infant Health and Develop-
ment Program (IHDP) (Louizos et al. 2017). We used 77
semi-synthetic datasets generated by this simulator, and we
again adopt the honest estimation as previously described.

As the outcome is given for both 7" = 1 and T' = 0,
the ground-truth treatment effect is known for each single
instance. We take the average treatment effects for all in-
stances in our learned subgroup and report this ground-truth
subgroup average treatment effects for each dataset (higher
is better). As reported in Table 1, our learned subgroups have
the highest ground-truth subgroup treatment effect.

Further, we demonstrate the ground-truth average treat-
ment effect for the learned subgroups for each individual
dataset in Figure 4. The results show that, for a significant
proportion of all 77 datasets, we have identified subgroups
with substantially larger average treatment effects than those
of other baselines. We finally emphasize that these semi-
synthetic datasets are not simulated based on a partition-
based model; thus, it demonstrates that our method is em-
pirically robust and can generalize to more general cases.

Conclusion and Discussion

We studied the problem of learning the subgroup with
the maximum treatment effect under the the structural
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Figure 4: Ground-truth average treatment effect of the
learned subgroup (higher is better).

causal model framework. We first showed that any max-
imizer must exhibit homogeneous pointwise treatment ef-
fects, which motivated us to consider the partition-based
model. Our main theorem then established that discovering
the maximum-effect subgroup reduces to a standard regres-
sion/classification problem under a partition-based model,
and hence challenges the necessity of the bespoke ‘causal’
heuristics. We instantiated the approach with CART and
paired it with the ‘honest’ estimation. We compared against
several baselines with both synthetic and semi-synthetic
datasets and demonstrated that our method has superior per-
formance in discovering maximum-effect subgroups.

Overall, our results support a simple and general recipe:
learn a supervised partition, then estimate effects and select
the subgroup. The limitations of this work may be the no-
hidden-confounder assumption and the exact-partition as-
sumption. Future research directions might include relax-
ing these assumptions and exploring other (advanced) algo-
rithms for learning partition-based models.
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