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Abstract

This thesis investigates the integration of Explanation-Guided Learning (EGL)
into causal inference, with a focus on Conditional Average Treatment Effect
(CATE) estimation from observational data. While EGL has been widely
studied in areas such as computer vision and natural language processing
with an objective to improve explainability and generalizability of models, its
application in the domain of causal inference remains largely unexplored. We
propose a framework that incorporates EGL, specifically with counterfactual
explanations, into modern CATE estimators: Meta-Learners. We improve
accuracy of various meta-learning architectures by integrating explanation-
based loss following the latest practices of the EGL literature. The proposed
method enables the integration of structured domain knowledge into causal
learning pipelines, which to the best of our knowledge, has not been done
before. To evaluate the effectiveness of this approach, we conduct controlled
experiments using synthetic data with known ground-truth treatment effects
and varying levels of confounding. We assess performance across several
meta-learners, including S-, X-, DR-, and domain adaptation variants. Our
results demonstrate that incorporating explanation signals improves the ac-
curacy of CATE estimation. In particular, the DA-learner and S-learner show
the greatest reductions in mean absolute bias, with decreases of 49% and
51.8%, respectively. Overall, this work bridges two previously disconnected
research areas — a newly emerged EGL and causal inference on observational
data — and provides experimental proofs that demonstrate how explanation

signals improve the accuracy of CATE estimation.
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Chapter 1
Introduction

In many operational systems with cause-and-effect relationships, such as
healthcare, retail, or finance, we are often interested in understanding whether
a certain decision or intervention was effective. A modern approach to this
problem is to leverage causal machine learning models, which are trained
on data to learn patterns and estimate the impact of different factors on
outcomes.

In these causal domains, human-generated explanations of outcomes are
often naturally available [41]. In simple terms, these explanations describe
why a certain decision was made or why a particular outcome occurred. They
help us understand how different characteristics of a person, product, or sit-
uation influence decisions and outputs. These explanations can take many
forms: reasons for refusing a request in resource allocation systems, expla-
nations for why a product was returned, stated causes of customer churn,
or structured feedback in recommender systems. For example, in the organ
allocation domain, such explanations can appear as reasons for accepting or
rejecting a transplant candidate — e.g., “the organ is rejected because the
donor is too old” [41].

Importantly, these post-hoc explanations often encode valuable domain

knowledge about the mechanisms underlying decisions and outcomes. How-



ever, despite their potential informational value, they are typically not used
during model training — meaning that when models learn from data, these
explanations are not included as part of the learning process and are instead
discarded [57].

Recent advances in Explainable Artificial Intelligence (xAI) have focused
on generating explanations to better understand the behavior of deep learning
models. Unlike the human-provided explanations described above, these are
produced by the model itself, but they serve a similar purpose: revealing
how inputs influence outputs. The extension of xAI — Explanation-Guided
Learning (EGL) — takes this further by proposing a paradigm of integrating
human-provided explanations directly into the learning process — often in
combination with model-generated explanations — as supervisory signals,
guiding models toward more meaningful and robust representations [18].

At the same time, in the field of causal inference, one of the main quanti-
ties of interest is Conditional Average Treatment Effect (CATE), which aims
to capture how causal effects vary across individuals with different character-
istics. Estimating CATE is especially challenging in observational settings,
where treatment assignment is not randomized. In such cases, estimation is
vulnerable to systematic biases, most notably confounding, which can induce
spurious correlations and lead to inaccurate CATE estimates [23].

These two research directions — EGL and CATE estimation — have
largely evolved independently and might seem unrelated. However, we argue
that there is significant potential to bridge them. This intersection is the
core idea of this thesis, which brings us to the main hypothesis: ezplanation
signals can serve as a structured form of domain knowledge to improve CATE
estimation.

Our motivation is further supported by recent work in organ allocation
[41], which demonstrates that incorporating human-provided explanation sig-
nals can improve treatment effect estimation in practice. This example is

particularly compelling, as it highlights a setting where high-stakes decisions



rely on both data and expert reasoning, yet current machine learning ap-

proaches typically ignore the latter.
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Figure 1.1: Example of explanation-guided learning in organ allocation:
clinician-provided refusal reasons (e.g., “old donor age” or ”organ is too big”)
are used as direction-only counterfactual signals to guide causal learning. The
proposed model (ClexNet) leverages these signals to learn policy-invariant
representations, resulting in improved predictive performance, generaliza-
tion, and calibration compared to standard observational models [41].

This thesis begins by introducing the foundations of EGL, including
its emergence, taxonomy, and mechanisms for integrating explanations into
model training. We then turn to causality, focusing on CATE estimation in
observational settings and the challenges posed by confounding and selection
bias. Building on this foundation, we review modern approaches for CATE
estimation, with particular emphasis on meta-learning frameworks and their
neural network-based implementations, which form the methodological back-
bone of our experiments.

We then formalize the problem setting and introduce our methodological
framework, representing it through a directed acyclic graph and correspond-

ing structural equations. Based on this formulation, we propose a novel ob-
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jective function that integrates EGL into causal estimation. Finally, we em-
pirically evaluate the proposed approach using controlled experiments with
synthetic data, assessing the impact of explanation signals on the accuracy
of CATE estimation across different model architectures and configurations.

Despite the conceptual promise of combining EGL with causal inference,
there is currently a lack of unified frameworks and systematic empirical stud-
ies that evaluate this integration. Addressing this gap forms the core
contribution of this thesis.
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Chapter 2

Literature Review

2.1 Emergence of Explanation-Guided Learn-
ing

The increasing complexity of modern artificial intelligence (AI) systems, to-
gether with regulatory initiatives aimed at transparency and accountability in
automated decision-making (e.g., the Al Act [1]), has highlighted the critical
need for interpretable AI. This has renewed attention to Ezplainable Arti-
ficial Intelligence (xAl), which focuses on understanding, interpreting, and
communicating the reasoning processes of complex machine learning (ML)
models.

At its core, xAl seeks to map model behavior—typically predictions or
outputs—to interpretable components such as input features, training sam-
ples, or internal representations. A central concept underlying most xAl
methods is attribution, which identifies the parts of the input or model re-
sponsible for a prediction [65].

EGL extends xAl beyond post-hoc analysis by incorporating explanation
signals directly into the learning process. Instead of merely inspecting model

behavior, EGL uses explanations to actively guide training, improving model
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properties such as robustness, fairness, or alignment with domain knowledge.
Formally, EGL is a learning paradigm in which explanations—provided by
humans or generated by auxiliary models—are used as additional supervision
during training [18, 50]. Instead of relying solely on predictive loss, EGL
constrains the learning process using explanation signals via supervision,
regularization, or data augmentation. That way, the trained model aligns

with prior knowledge about which features should influence predictions.

2.1.1 EGL as a Special Case of Informed Machine Learn-
ing

From a broader perspective, EGL can be seen as part of a broader class of

approaches that integrate external knowledge into machine learning systems.

Such approaches are united by the paradigm of Informed Machine Learning

(IML), which studies how prior knowledge can be systematically incorporated

into the learning pipeline.

Indeed, the existence of IML paradigm demonstrates that guiding mod-
els with expert signals is not a novel idea. Von Rueden et al. [59] formalize
this paradigm by proposing a comprehensive taxonomy of how prior knowl-
edge can be integrated into learning systems. Their survey highlights a wide
range of approaches, including labeling strategies, feature engineering, knowl-
edge graphs, logical rules, algebraic equations, and even physical simulations.
While this diversity underscores the richness of theory-guided data science,
the heterogeneous nature of these approaches can make method selection
non-trivial, particularly due to overlapping concepts and inconsistent termi-
nology [59].

Within this framework, EGL can be interpreted as a special case of in-
formed machine learning. According to the definition by von Rueden et
al.—“learning from a hybrid information source that consists of data and
prior knowledge, where the prior knowledge originates from an independent

source, is formally represented, and is explicitly integrated into the learning
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pipeline”—EGL satisfies these criteria when expert-provided explanations
are treated as prior knowledge. In this setting, explanations such as feature
attributions or counterfactual examples constitute structured signals that
encode domain expertise about the relationship between inputs and outputs.

Focusing on integration at the level of the learning algorithm, the survey
identifies several mechanisms for incorporating prior knowledge, including
the use of informative priors as regularizers, structural constraints that guide
model selection, qualitative constraints such as monotonic relationships, and
causal constraints derived from domain ontologies. These approaches share
the common principle of constraining the learning process to favor solutions
consistent with prior knowledge.

Despite this breadth of methods, the survey does not explicitly consider
the alignment between expert-provided knowledge and model-generated in-
terpretability signals. This highlights the novelty of EGL within the informed
machine learning framework: it introduces a mechanism for integrating prior
knowledge by aligning expert explanations with model-generated explana-
tions, thereby constraining not only the model’s outputs but also the way

in which those outputs are derived.

2.1.2 Taxonomy of EGL

A recent survey on EGL [18] categorizes its strategies along two complemen-

tary axes:

1. Scope of guidance: Local vs. Global explanations.

2. Integration mechanism: Supervision, Regularization, or Data Aug-

mentation.
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Figure 2.1: Taxonomy of EGL [18§]

a) Local vs. Global Explanation Guidance

Local guidance operates at the level of individual data samples. Explanations
are generated for each input, and supervision or regularization is applied per
instance. Local approaches are flexible and can capture fine-grained patterns

unique to each sample, making them widely used across domains [18].

Global guidance aims to generate a single, model-wide explanation, often by
aggregating local explanations or training an interpretable surrogate model.
This produces overall feature importance scores or interpretable global struc-
tures but may overlook localized behaviors.

Local and global approaches are not mutually exclusive; they can be
combined with supervision, regularization, or data augmentation strategies

to provide multi-scale guidance.
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b) Integration Mechanisms: Supervision, Regularization, and Data

Augmentation

Once the scope (local/global) is defined, explanations can be incorporated
into learning through three primary mechanisms:

Explanation supervision assumes the availability of ground-truth ex-
planation signals for each data sample. During training, these signals are
compared against model-generated explanations. Ground-truth explanations
may include annotated image regions, highlighted text tokens, or expert-
provided rationales. A key challenge is the limited availability and hetero-
geneous format of such signals, particularly across domains like tabular data
44, 63].

Explanation regularization embeds prior knowledge about desirable
explanation properties directly into the learning objective. For instance,
models may be penalized for relying on spurious features or encouraged
to focus on subsets of relevant features. Regularization is especially use-
ful when ground-truth explanations are unavailable, as it enforces high-level
constraints on model reasoning [43, 52].

Explanation-guided data augmentation leverages model explana-
tions to generate additional training samples, aiming to improve generaliza-
tion and robustness, especially in low-data or high-variance settings. Typ-
ical strategies include perturbing features identified as irrelevant, masking
or modifying less important attributes, and constructing counterfactual in-
stances that minimally alter predictions [26, 38]. These approaches can be
applied in an unsupervised or weakly supervised manner, as they rely on
model-derived signals rather than ground-truth annotations. Hasan et al.
[26] provide a compelling case study demonstrating the effectiveness of coun-
terfactual data augmentation on tabular datasets. Their experiments on
the Adult dataset show that counterfactual-augmented training outperforms
GAN-based augmentation, highlighting the potential of this approach for
tabular data.

16



2.1.3 Types of Explanations

Before diving into the next section, it is important to reiterate the distinction
between the explanations provided by experts and model-generated explana-
tions. Expert explanations signify human/domain knowledge, while model-
generated explanations are interpretability signals from a trained model. To
avoid confusion, we refer to the latter as model explanations.

A model explanation is generated with an explainer, which is a model
or an algorithm designed to explain or visualize model’s decision-making
process [18]. Formally, an explainer can be viewed as a function that takes
as input a predictive model together with relevant data, such as feature inputs
and model outputs. A wide variety of explainers exist, which explains why
model explanations take numerous forms: saliency maps, feature importance
vectors, rationales, counterfactual explanations, etc. [18]. Needless to say,
such representations also vary depending on the domain of those data, e.g.,
visual, text-based, and tabular.

For example, for our context — tabular data — empirical observations by
Borisov et al. [7] indicate that the most common forms of explanations are
attribution-based explanations and counterfactual explanations. For
both of these forms, EGL literature provides a systematic overview of com-
monly used explainers [18]. For feature attribution methods, the common
choices are LIME [47] and SHAP [39], while for counterfactual explanation
methods, a popular method is DiCE [45]. These approaches differ funda-
mentally in how they represent model behavior. Attribution-based methods
assign importance scores to input features, providing insight into which vari-
ables drive predictions, while counterfactual methods describe how inputs
must change to alter model outputs, offering a more intervention-oriented
perspective.

A fundamental challenge when working with explainers is that different
methods may produce conflicting explanations for the same model and input.

These discrepancies can arise not only in the magnitude of feature attribu-
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tions but also in their direction, i.e., whether a feature contributes positively
or negatively to a prediction [36]. Such inconsistencies are particularly critical
in EGL settings, where explanations serve as supervision signals. Misalign-
ment between explainer outputs and expert-provided annotations can lead
to substantially different optimization trajectories and ultimately affect the

learned model behavior.

Counterfactual Explanations

In this work, we focus on counterfactual explanations, since they can be
easily integrated into the learning pipeline through data augmentation [18].
Moreover, with the aforementioned strategy, we avoid the challenges of non-
differentiable explainers such as LIME.

Counterfactual explanations identify minimal changes to an input that
would lead to a different model prediction. Formally, they aim to solve an
optimization problem that balances proximity to the original instance with
achieving a desired target outcome [60]. These explanations are particularly
intuitive, as they directly answer “what-if” questions and align closely with
human reasoning about causality and decision-making.

Counterfactual explanations generated from expert knowledge can nat-
urally complement EGL. These explanations can act as synthetic training
samples that are integrated into the learning pipeline through EGL augmen-
tation technique. By passing both a batch of original training data and a
counterfactual batch to the model, we can combine the effects of the obser-
vational data and expert knowledge. Since these counterfactual samples are
generated from expert knowledge, their distribution is expected to be more
closely aligned with the ground truth, which means they have the potential
to de-bias causal estimators.

We now transition to the second research domain, which also constitutes

the primary context of our study and experiments: causal inference.
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2.2 Causal Inference

2.2.1 Conditional Average Treatment Effect

As introduced earlier, this thesis aims to leverage EGL techniques in the area
of causality, where a central question is how effective a particular intervention
is. In other words, we are estimating the treatment effect. This quantity is
of significant interest to various scientific communities, such as in medicine
[17, 19] and social sciences [29] for assessing the efficacy of a policy. Several
quantities are commonly used to measure causal effects, including the indi-
vidualized treatment effect (ITE), the average treatment effect (ATE), and
the CATE [28]. In this work, we focus on the CATE, which describes how
the treatment effect varies depending on the characteristics of individuals,
typically represented by observed covariates. Estimating CATE allows us to
analyze treatment effect heterogeneity across a population. This makes it
particularly useful in practical applications, as it helps to identify which sub-
groups benefit more—or less—from a given intervention. For example, CATE
estimation can help determine which customer segments respond most pos-
itively to a marketing campaign or which groups of patients are more likely
to recover after receiving a specific treatment.

Recently, various methods have been developed using machine learning to
estimate CATE [3, 15, 22, 53, 56, 61]. Although these methods have proven
successful, their effectiveness in estimating treatment effects can be signifi-

cantly compromised in real-world applications that rely on observational data

5].

2.2.2 CATE on Observational Data

In the perfect scenario, we would like to estimate treatment effect on data
generated under an RCT setup [51], which is a form of scientific experi-

ment where allocation of subjects into treatment and control groups is fully
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randomized. And because of such randomization, the effect of other non-
causal factors is nullified. But in practice, many research questions cannot
be studied using RCTs [23]. RCTs are often expensive and time-consuming,
particularly when investigating rare outcomes. Moreover, they frequently
involve highly selected populations, which limits the generalizability of their
findings. In some cases, randomization is not feasible at all due to ethical or
practical constraints [49]. As a result, observational data may be the only
available resource for causal estimation.

In observational settings, treatment assignment is not randomized, so
some subpopulations are more likely to receive treatment than others. In
other words, the propensity — the probability of receiving treatment given
a set of observed covariates — is not independent of these covariates as it is
in an RCT, which makes isolating and estimating causal effects more chal-
lenging. Nevertheless, although the lack of randomization complicates causal
inference, meaningful causal insights can still be obtained if appropriate as-
sumptions hold and suitable statistical adjustments are applied [28].

Overall, estimating causal quantities from observational data presents
challenges that extend beyond predictive modeling. Unlike randomized ex-
periments, observational datasets reflect the combined effects of treatment
assignment mechanisms, data collection processes, and temporal dynamics
[23]. Consequently, observed associations may not correspond to the causal
relationships of interest.

Identification Assumptions

A central question in observational causal inference is whether a target
causal estimand is identifiable from the observed data. Identification analysis
determines whether a causal quantity can be uniquely recovered under a set
of assumptions, or only bounded in partially identifiable settings [6, 40].

In observational studies, identification commonly relies on the assumption
of conditional ignorability — no unmeasured confounding — which also means

treatment assignment is independent of potential outcomes given observed
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covariates [49]. Under this assumption, observational data can be interpreted
as arising from a conditionally randomized experiment if the following con-
ditions hold [28]:

e (Consistency: Observed treatments correspond to well-defined interven-

tions.

e Conditional exchangeability: Treatment assignment is independent of

potential outcomes given covariates L.

e Positivity: Each treatment level has positive probability for all L.

However, in practice, these assumptions are fundamentally untestable
from the data alone and rarely fully satisfied in practice, making causal
conclusions dependent on modeling choices and domain knowledge [21]. In
particular, the assumption of unobserved confounders — which cannot be
empirically verified — can violate exchangeability and introduce substantial
bias [30, 32]. As a result, researchers rely on complementary strategies such as
sensitivity analyses, negative controls, and triangulation across data sources
or modeling approaches [13, 24].

Systematic Biases

Systematic biases in observational data come from three primary sources:
confounding, selection bias, and measurement bias [24]. Confounding—widely
recognized as the primary limitation of observational studies [28]—arises
when common causes of treatment and outcome are not adequately con-
trolled. Selection bias may result from non-random sampling or condition-
ing on colliders, while measurement bias reflects inaccuracies or incom-
pleteness in observed variables.

From a causal graphical perspective, these biases correspond to open
backdoor paths between treatment and outcome[24]. They affect both aver-
age treatment effects and heterogeneous effects, making conditional average
treatment effect (CATE) estimation particularly sensitive to model misspec-

ification and limited covariate overlap.
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Figure 2.2: Systematic biases in observational data illustrated as
directed acyclic graphs (DAGs). (A—-B) Confounding and overcon-
trol bias. In (A), an unmeasured or uncontrolled common cause C' affects
both X and Y, opening a backdoor path and inducing spurious association.
In (B), Y; is a mediator on the causal path from X to Y3; conditioning
on Y] constitutes overcontrol bias, blocking part of the true causal effect.
(C-D) Collider bias. In (C), two independent causes U; and Us both
influence L, which in turn affects X; L acts as a collider, and condition-
ing on it opens a spurious path between U; and Us,, inducing bias. In (D),
L (boxed) is conditioned upon, activating the dashed path from U; to U,
and introducing collider-stratification bias. (E—F) Attrition and non-
response bias. In (E), an unmeasured variable U jointly influences both Y
and the retention indicator R, causing non-random missingness that distorts
the observed X — Y relationship. In (F), R (boxed, indicating condition-
ing) is a collider of X and U; restricting analysis to retained units (R = 1)
opens a spurious association between X and Y via U (dashed arrow). (G—
H) Non-differential and differential measurement bias. In (G), the
mediator M is measured with error as M*, driven by an independent noise
source Uyy; this non-differential mismeasurement attenuates estimates of the
X — M — Y pathway. In (H), both the treatment X and outcome Y are
mismeasured as X* and Y* via independent noise sources Ux and Uy re-
spectively; when measurement error is differential (i.e. correlated with other
variables), bias in the estimated X — Y effect can be amplified or reversed.
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Confounding and Methods for Adjustment

As the main limitation of observational data [28], confounding becomes
our center of interest for this project (which is also why we are artificially
introducing it in our synthetic DGP to replicate observational data setting).
The article by Hammerton [24] provides a systematic overview of statistical
approaches that address confounding bias, which can be broadly grouped as

follows:

e Multivariable Regression: Potential confounders are included in the

regression model for the effect of the exposure on the outcome [25]

e Propensity Estimation: Propensity scores are used to control for
time-invariant confounding, calculated by estimating the probability
that an individual is exposed, given the values of their observed baseline
confounders; can be extended to address time-varying confounding via

marginal structural models [§]

e Fixed Effects Regression: This approach uses repeated measures
of an exposure and an outcome to account for the possibility of an
association between the exposure and the unexplained variability in
the outcome (representing unmeasured confounding); can adjust for all
time-invariant confounders, including unobserved confounders, and can

incorporate observed time-varying confounders [16]

Modern frameworks for CATE estimation build directly on these adjustment-
based approaches by combining outcome modeling and propensity estima-
tion to recover heterogeneous treatment effects at the individual level. In
particular, many recent methods reformulate causal estimation as a super-
vised learning problem, enabling the use of flexible machine learning models.
These approaches are commonly referred to as meta-learners, which provide
a unifying framework for leveraging standard predictive models for CATE es-
timation. The following section introduces the main classes of meta-learners

and their underlying principles.
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2.3 Modern Methods for CATE Estimation

2.3.1 Meta-Learning Framework

Modern methods for estimating CATE from observational data can be united
by the general meta-learner framework. Meta-learners provide a unifying
framework that casts CATE estimation as a supervised learning problem.
Rather than relying on a specific model class, they are nonparametric in
nature and can be combined with arbitrary machine learning methods [2, 37].

The meta-learning framework for CATE estimation was formalized by
Kiinzel et al. [37], who introduced three fundamental approaches for the
binary treatment setting: the S-learner, T-learner, and X-learner. These
methods share a common structure: they first estimate nuisance components,
namely the outcome regression functions and, in some cases, the propensity
score, and then combine these estimates to construct targets for learning the
CATE function.

Most meta-learners follow this two-stage procedure. In the first stage,
nuisance functions are estimated using flexible machine learning models. In
the second stage, these estimates are used to construct either potential out-
comes or pseudo-outcomes, which serve as targets for supervised learning of
the treatment effect.

Within this framework, indirect methods such as the S-learner and T-
learner can be viewed as plug-in estimators that compute treatment effects
as differences between predicted outcomes. More advanced learners refine
this idea by directly targeting the CATE. The X-learner improves efficiency
by imputing treatment effects and reweighting them using propensity scores
137].

Subsequent work has extended this framework to address key challenges
such as model misspecification and statistical efficiency. The DR-learner,
introduced by Kennedy [34], constructs doubly robust pseudo-outcomes that

remain consistent if either the propensity score or the outcome model is
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correctly specified. The R-learner [46] estimates the CATE by minimizing an
orthogonalized loss function, which reduces sensitivity to nuisance estimation
errors.

Additional variants include the PW-learner (propensity weighting, also
known as the M-learner) and the RA-learner (regression adjustment), which
can be interpreted as refinements of earlier approaches [11]. Notably, under
suitable conditions, the RA-, PW-, and DR-learners can achieve oracle con-
vergence rates, matching the performance of an estimator with access to true
nuisance functions.

From a theoretical perspective, meta-learners differ primarily in their
statistical efficiency and robustness to model misspecification. In particu-
lar, doubly robust learners exhibit favorable convergence properties and of-
ten outperform simpler plug-in estimators in terms of mean squared error.
These advantages have been demonstrated both theoretically and empirically
in [12].

2.3.2 Taxonomy of Meta-Learning Methods

Meta-Learning CATE estimation methods can be broken down into indirect
or direct approaches. Indirect methods estimate potential outcome functions
and compute CATE as their difference, whereas direct methods construct

pseudo-outcomes that explicitly target the treatment effect [12].

[ Meta-Learning Framework}

/

{ Direct Indirect
(

(Plug-in)

Pseudo-outcome)

/

[ DR-learner } [ PW—learner] [ RA-learner ] [ X-learner } [ T-learner ] [ S-learner ]

Figure 2.3: Taxonomy of Meta-Learners
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Indirect Methods

Indirect approaches, often referred to as plug-in estimators, rely on modeling
the outcome under treatment and control separately. Classical examples
include the T-learner and S-learner, as well as more advanced meta-learning
extensions [37].

The T-learner fits two separate models—one for the treated group and
one for the control group—and estimates CATE as the difference between
their predictions. While conceptually simple, this approach fails to fully
exploit shared structure between the two groups, which can result in high
variance, especially in small or imbalanced datasets [37, 64].

The S-learner instead fits a single model by including the treatment
indicator as an additional covariate. Potential outcomes are obtained by
evaluating the model under different treatment values. Although more data-
efficient, this approach can suffer from bias if the model prioritizes predictive
covariates over the treatment indicator, effectively underestimating treat-
ment effects [64].

To address these limitations, more advanced meta-learning strategies have
been proposed. The X-learner [37] augments outcome modeling with im-
puted treatment effects. It first estimates potential outcomes, then constructs
pseudo-treatment effects for each group, and finally learns a model for these
effects. By incorporating propensity-based weighting, the X-learner is par-
ticularly effective in settings with imbalanced treatment assignment.

A related line of work formulates CATE estimation as a representation
learning or domain adaptation problem. Domain adaptation learners aim
to learn balanced representations of covariates such that the distributions of
treated and control groups become similar [54]. This reduces bias due to
covariate shift and improves generalization of treatment effect estimates.

Despite their flexibility, indirect methods do not explicitly regularize the
CATE function itself, as treatment effects are obtained implicitly as differ-

ences between outcome models.
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Direct Methods

Direct methods estimate CATE by constructing pseudo-outcomes that ex-
plicitly target the treatment effect. Common approaches include regression-
adjusted (RA), propensity-weighted (PW), and doubly robust (DR) estima-
tors [12].

Propensity-weighted methods rely on inverse probability weighting to cor-
rect for selection bias. When the propensity score is correctly specified, the
resulting pseudo-outcome is an unbiased estimator of the true CATE.

Doubly robust (DR) methods, such as the augmented inverse probability
weighting (AIPW) estimator, combine outcome regression and propensity
score modeling[10]. These estimators are particularly appealing because they
remain consistent if either the propensity model or the outcome model is

correctly specified, providing robustness against model misspecification.

2.3.3 Neural Network Implementations

As universal function approximators, neural networks naturally integrate into
the CATE estimation framework by modeling the required nuisance compo-
nents, such as outcome regressions i, (z) and propensity scores 7(z). In the
simplest setting, each nuisance function is estimated independently using a
separate neural network. This approach, often referred to as a T'Net, directly
mirrors classical meta-learners such as the T-learner, and is asymptotically

flexible as it allows for arbitrarily different functional forms across tasks [12].
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TNet

Figure 2.4: TNet architecture: independent neural networks for nuisance
estimation. Separate task-specific heads are used to predict the potential
outcomes fip(x) and fi;(z), as well as the treatment assignment probability

A~

()

However, independent estimation can be statistically inefficient in finite
samples, as it fails to exploit potential similarities between nuisance func-
tions. In many applications, the potential outcomes po(x) and ui(x) are
supported on similar covariate distributions and differ only through rela-
tively simple treatment effects. In such cases, sharing information across
tasks can substantially improve estimation accuracy.

To address this limitation, recent work proposes a class of architectures

known as shared representation networks (SNets), which learn a common
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feature representation ®(z) across all tasks, followed by task-specific predic-
tion heads. This approach enables the model to capture global structure in
the data while retaining flexibility for treatment-specific effects, leading to

improved statistical efficiency and generalization performance [12].

Sophisticated solution. share some
information between tasks (SNet)

g8 D00 -
D ili ][ i (x)

iy il - #)

SNet

Shared & private
representations

Figure 2.5: SNet architecture for CATE estimation. The model uses
a combination of shared and private representations to capture both com-
monalities and task-specific features from the input data D. The shared rep-
resentation (gray blocks) encodes information useful across multiple tasks,
while the private representation captures task-specific nuances. These rep-
resentations are fed into separate task-specific heads to predict the potential
outcomes fip(z) and fi1(z), as well as the treatment assignment probability
7(x). This design allows SNet to leverage information sharing between tasks
while maintaining the flexibility to model individual task characteristics.

Several prominent architectures fall within this SNet framework. TAR-
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Net [54] learns a shared representation with separate outcome heads for
each treatment group. DragonNet [56] extends this idea by jointly mod-
eling both outcome regressions and the propensity score, encouraging repre-
sentations that balance treated and control groups. Finally, DR-CFR [27]
incorporates doubly robust objectives and multiple representations to jointly
capture outcome and propensity components, further improving robustness

to model misspecification.

[Neural Network-based Meta—Learners}

— T~

[Shared Representation Learning (SNet Family)} [Independent Models (TNet)]

[DR—CFR} [DragonN et} [TARNet} [Separate outcome / propensity networks}

Figure 2.6: NN-based meta-learners. TNet corresponds to independent nui-
sance estimation, while SNet architectures share representations across tasks
to improve efficiency.

Overall, neural network-based CATE estimation is best understood through
the lens of how nuisance functions are parameterized and whether informa-
tion is shared across tasks. While TNet architectures provide maximum flex-
ibility, SNet architectures introduce an inductive bias that can significantly
improve performance in finite samples. Combining meta-learning strategies
(indirect or direct) with shared representation learning often yields strong

empirical performance, particularly in high-dimensional settings [12].

2.4 Research Gap

Despite the growing body of work in EGL across various domains, limited
effort has been done to leverage EGL methods in causality. To the

best of our knowledge, [41] and [14] are the only examples in this direction.
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EGL has been predominantly studied in areas such as computer vision (CV),
natural language processing (NLP), and Visual Question Answering (VQA),
showing benefits in terms of model explainability and generalizability to un-
seen data [18]. However, EGL applications in causal inference have been
overlooked.

In parallel, recent research on CATE estimation has focused on improving
the robustness of causal effect estimation under the limitations of observa-
tional data. Key directions include: (i) reducing bias under weaker ignora-
bility assumptions through techniques like proximal causal learning [58, 62],
(ii) handling limited covariate overlap and confounding via representation
learning and balancing approaches [35], (iii) increasing efficiency and robust-
ness using double/debiased machine learning and targeted maximum likeli-
hood estimation [10], (iv) providing valid uncertainty quantification through
conformal inference and honest estimation [42], and (v) improving policy-
relevant decision making by integrating CATE estimates with treatment as-
signment optimization [33].

However, despite these advances, CATE research has largely focused
on statistical and algorithmic improvements rather than incorpo-
rating explainability or guidance from domain knowledge in the es-
timation process. In particular, there is a lack of methods that utilize expla-
nations to guide the estimation of nuisance components (e.g., outcome and
propensity models), which are critical for accurate CATE estimation.

Consequently, there is a lack of controlled empirical studies that isolate
the impact of explanation signals on causal estimation performance. In par-
ticular, it remains unclear under which conditions (e.g., strength of confound-
ing, type of explanation, integration mechanism) EGL provides measurable
benefits for CATE estimation. Addressing this gap requires a unified frame-
work that combines causal inference with EGL, together with systematic
experimentation.

This thesis aims to bridge these gaps by formalizing EGL within the
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CATE estimation setting, proposing a mechanism for integrating explana-
tion signals into causal learning objectives, and empirically evaluating their

effectiveness under controlled confounding scenarios.
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Chapter 3

Research Objectives

3.1 Problem Formulation

3.1.1 Observations with Explanations

Consider X C Ré% T C R*, Y C R%, & C R, & C R%: as the
spaces of covariates, treatments, outcomes, outcome explanations, and treat-
ment explanations, respectively. Let X € X, T € T, Y € YV, Ey € &y,
Et € &+ be the corresponding feature vectors. We assume the directed

acyclic graph shown in Figure 3.1, together with Ex = fg (X, /r) and
EY = ny<X7T7 f))
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Figure 3.1: Graphical representation of the assumed directed acyclic
graph. Node X represents covariates of a subject, node T" stands for treat-
ment allocation (treated or control), and Y represents the observed outcome.
fy is the outcome ground truth function that depends on covariates and
treatment, and fr is the function of propensity assignment. Ey depicts the
explanations of outcomes, while Fr stands for explanations of propensity
assignment.

Structural equation model corresponding to the DAG in Figure 3.1:

(X ~ Px
T := fr(X) +er
Er = fp,(X, /1) +€B,
Y = £ (X, T) + &y
(Ey =[5, X, T, [y) + epy

3.1.2 CATE Estimation

Potential Outcomes Framework

We operate under the standard setup of the potential outcomes (PO)
framework [28], where each subject, with covariates X ~ Py, has two poten-
tial outcomes: Y (1) under treatment and Y (0) under control, of which only

one is observed. We consider the binary treatment setting 7" € {0, 1}.
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The goal is to estimate the Conditional Average Treatment Ef-
fect (CATE), defined as the expected difference between an individual’s

potential outcomes, conditional on covariates:
7(x) = BEY(1) =Y (0) | X = z] = pun (2) — po() (3.1)
where pu,(z) = E[Y (w) | X = z| denotes the expected potential outcome.

Identifying Causal Assumptions

Similar to experimental approaches in recent CATE literature [11], we rely
on strong ignorability conditions [48] for convenience, while acknowledging
potential limitations in practical applications. When it comes to assumptions
on the potential outcomes, we assume that POs share a common baseline,
with the treated outcome modeled as an additive combination of the control

outcome and a heterogeneous treatment effect,

Y = n(X) T+ pio(X) - (1= T) + ¢ (3:2)
, though more general transformations are possible [12, 37].
Integrating EGL Component into the Objective Function

We focus on improving the regression surface component of the meta-

learners via EGL. The outcome regression component is indicated with a) in

the diagram below for the X-Learner type [37]:
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First Stage Second Stage

N

a) Outcome
Regression Model(s) :

b) Propensity Estimator

Figure 3.2: Components of an X-Learner. Both a) Outcome Regression and
b) Propensity Estimator components can benefit from EGL injection. In this
thesis, however, we target a) only.

To incorporate additional structural knowledge, we assume access to ex-
planations E describing how input features should influence outcome esti-
mation. These explanations may represent, for example, feature attribution
scores, counterfactual samples, or binary relevance masks indicating which
variables are expected to affect treatment assignment or outcomes. In our
experiments, we focus on counterfactual explanations and rely on DiCE
[45] as the explanation generator. We denote the learned outcome model by
(X, T), which estimates the expected outcome given covariates and treat-
ment. The explainer can then be represented as a function g that takes the
learned model and an input (X,7) and produces a counterfactual explana-
tion:

g(ﬂa X: T) = ch = (cha ch7 }/cf) (33)

where (X, Ter) is a perturbed input and Y is the corresponding counter-
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factual outcome generated by the oracle model.
We incorporate these expert explanations through a data augmentation
approach. The resulting training objective combines the standard predictive

loss on observational data with an additional loss defined on counterfactual

samples:
mgn Lpred (a(X,T), Y)J +A Loy (A(Xer, Tes), ch)J. (3.4)
factual loss counterfactual loss
Here:

® L ed is the predictive loss (e.g., MSE) computed on observed (factual)
data,

o L.y is the predictive loss evaluated on counterfactual samples,

e )\ controls the relative contribution of the explanation-guided (counter-

factual) loss.

By incorporating explanation-based supervision into the training process,
EGL provides a mechanism for injecting domain knowledge into the learning

process, encouraging the model to rely on causally relevant covariates.

Performance Metric Following prior work on heterogeneous treatment
effect estimation [54], we evaluate models using the mean absolute error
(MAE) in CATE.

€CATE = %Z (1 (2s) — fro(zi)) — (pa (i) — po(z:i))| (3.5)

Here, fi1(z) and fig(x) denote the estimated potential outcome functions
learned by the model, while p;(z) and pg(x) correspond to the ground-truth
outcome functions defined by the data-generating process.

The quantity 7(x) = fi1(z) — fig(x) represents the predicted treatment

effect, and 7(z) = py (2)—po(x) is the true treatment effect. The metric ecarg

37



therefore measures the average absolute deviation between the estimated and

true CATE across all samples.

3.2 Research Questions

The goal of this thesis is to empirically explore how explanation signals in-
fluence the accuracy of causal effect estimation. We focus on the following

questions:

e How can human- or model-generated explanations be integrated into

causal effect estimation frameworks?

e How effective are counterfactual explanations for EGL in CATE esti-

mation?

e Which EGL technique (type of guidance) is most feasible with Meta~

Learners?

Our experiments provide novel insights into when and how explanation
signals can be used as a principled auxiliary source of information to im-
prove causal effect estimation. This work represents a step toward integrat-
ing explanations into causal machine learning, with potential applications in
healthcare, economics and policy analysis, marketing and customer analytics,

and other causal domains.
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Chapter 4

Experimental Setup

4.1 Data

Following common practices in causal inference literature [12, 37], we adopt
a fully controlled synthetic setup to evaluate the effectiveness of EGL for
CATE estimation. This setting allows us to control the level of confounding,
generate randomized (RCT) test data, access ground-truth treatment effects,
and precisely quantify estimation bias.

Our synthetic data generating process follows [37] and is defined within

the potential outcomes framework:

Y=m(X) T+ pu(X) - (1-T)+e¢ T ~ Bernoulli(e(X)), €~ N(0,1)
(4.1)
where e(X) = P(T = 1| X) is the propensity score.

Covariates are initially sampled from a multivariate normal distribution:
X ~N(0,1;), d=5 (4.2)

To facilitate a detailed analysis of treatment effect heterogeneity, we override
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the second covariate (X3) with a deterministic grid:
X2 S [_37 3]

Specifically, X5 is evenly spaced across this interval, while all remaining

covariates retain their stochastic Gaussian structure.

4.1.1 Outcome Model Specification

The baseline outcome function is linear in the covariates:
po(X) = X5, B~ Unif([-3,3]") (4.3)
The treated outcome is defined as:
p1(X) = po(X)+8-I(X; > 0.1) (4.4)
This induces a heterogeneous treatment effect:
7(X) = p1(X) — po(X) =8-1(X; > 0.1) (4.5)
Thus, the observed outcome can equivalently be written as:

Y=X"8+8-1(X;>01)-T+e (4.6)

4.1.2 Training Set

Our training dataset is explicitly generated with confounding to replicate
the common challenge of observational data. The confounding mechanism is

defined through a deterministic propensity function based on covariate Xs:

095 if —2< 2y <2
e(r)=P(T=1]X)= (4.7)
0.05 otherwise
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This creates strong selection bias: units with moderate values of X, are
almost always treated (95% probability), while units with extreme X, values
are rarely treated (5% probability). Importantly, the confounding variable
Xy is different from the effect modifier X, creating a challenging estimation

problem.

Estimated propensity score distribution (Observational)

I Observational: RF-estimated propensity

0.0 0.2 0.4 0.6 0.8 1.0
Estimated P(T=1|X)

Figure 4.1: Propensity score distribution of observational training data,
showing strong selection bias with most units having propensity near 0.95.

4.1.3 Test Set

The test set is generated under a RCT setting, where treatment assignment

is independent of covariates:
erer(X) =05 VX, T ~ Bernoulli(0.5) (4.8)

This removes confounding and enables unbiased evaluation of treatment ef-

fect estimates.
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Estimated propensity score distribution (RCT)

Im RCT: RF-estimated propensity

T T
0.0 0.2 0.4 0.6 0.8 1.0
Estimated P(T=1]X)

Figure 4.2: Propensity score distribution of RCT test data, showing uniform
distribution around 0.5.

4.1.4 Ground Truth Explanations: Counterfactuals

We generate “expert” explanations as counterfactuals using the DiCE frame-
work [45]. These counterfactuals are constructed using the oracle outcome

function, allowing us to produce unbiased signals for data augmentation.

Oracle Model To generate counterfactual outcomes, we wrap the ground-
truth data-generating function f*(X,7T) as a predictive model compatible

with DiCE. This oracle model takes as input both covariates and treatment:
Y = f(X,T) (4.9)

This ensures that all generated counterfactual outcomes are consistent

with the true underlying data-generating process.

Counterfactual Generation Procedure Counterfactuals are generated

using DiCE with the following configuration:

e Features allowed to vary: all features
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e Constraint: treatment is restricted to the flipped value
e Number of counterfactuals: 1 per instance

e Outcomes: The outcome range is preserved according to the range in

the observational training set

DiCE generates counterfactuals by solving an optimization problem that
searches for small perturbations of the input features which lead to a de-
sired change in the model output. Specifically, it balances three objectives:
(i) walidity, ensuring the counterfactual achieves the desired outcome; (ii)
prozimity, keeping the counterfactual close to the original instance; and (iii)
feasibility, enforcing constraints on which features can change and how.

In our setting, since the outcome variable is continuous, we also treat Yep
as continuous and allow covariates to adjust to produce a valid counterfactual.

This produces a complete counterfactual dataset: (Xcg, Tcr, Yor)

These counterfactual samples serve as expert explanations of outcomes, as
they explicitly describe how the outcome would change under an alternative
treatment assignment. Unlike observational data, these explanations exhibit

reduced confounding, since they are generated from the oracle model.

43



Estimated propensity score distribution (Counterfactuals)

I CF: RF-estimated propensity

T T =
0.0 0.2 0.4 0.6 0.8 1.0
Estimated P(T=1|X)

Figure 4.3: Propensity score distribution of counterfactual explanations. The
distribution is shifted closer to that of RCT compared to the observational
one, showcasing the potential of debiasing causal models with this new signal.

We then integrate this set of "expert” counterfactuals into the training

of outcome regression nuisance models that most meta-learners use.

4.2 Methods

4.2.1 Selected Meta-Learners

The following meta-learners were selected for our experiments:

e S-Learner: A single model (X, T') that predicts outcomes given co-

variates and treatment. CATE is estimated as:

7(x) = iz, 1) = ju(z,0) (4.10)

e X-Learner: A two-stage learner that first estimates outcome mod-

els, then fits separate CATE models on imputed treatment effects for
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treated and control groups, combining them via propensity weighting:

7(z) = e(x) - To(z) + (1 — e(x)) - 71(2) (4.11)

e DR-Learner: A doubly robust learner that computes pseudo-outcomes
using the AIPW formula:

i X LY — (X)) (1= T)(Yi = fio(Xs))
I = (1 (X5) — fu(X5)) + e(X;) a 1—e(X))

(4.12)
then fits a final CATE model on these pseudo-outcomes.

e DA-Learner: A domain adaptation learner that uses importance weight-
ing via propensity scores to reweight samples, focusing on the overlap

region using weights w(x) = min(e(z), 1 — e(x)).

As mentioned in previous chapters, all the above meta-learners rely on
regression surfaces for outcome prediction. Therefore, we train a single out-
come model with EGL loss and use it as a plug-in component for various
architectures. We then assess how the EGL contributes to the final result of
CATE estimation for different types of meta-learners.

The base outcome regression model is implemented with a neural network
with the following hyperparameters chosen according to standard deep learn-
ing practices [20]. Since we only care about the difference in performance of
our outcome models (with and without EGL), tuning these hyperparameters

to achieve the highest starting accuracy was not needed.

45



Parameter Value

Hidden dimensions 64
Activation function ReLU
Number of layers 2
Learning rate 1073
Batch size 64
Maximum epochs 200
Early stopping patience 150
Optimizer Adam

Table 4.1: Neural network hyperparameters for the S-learner base model.
Since we only care about the difference in performance of our outcome mod-
els (with and without EGL), tuning these hypermarameters to achieve the
highest starting accuracy was not needed.

All experiments use the same random seed (123) for reproducibility, and
validation is performed on RCT data to select the best model via early stop-
ping. For the X-learner, DR-learner, and DA-learner architectures, we use
an additional nuisance model — a propensity estimator. In our experiments,

it is implemented via Random Forest regression model.

4.2.2 Implementation of EGL in Meta-Learners

We integrate the explanation signal using a data augmentation approach [18].
Expert explanations are incorporated into the training process via a separate

counterfactual loss:

Etotal = Lfactual + >\CF : Ecounterfactual (413>

where:

o Lirctual = % o (V= a(X;, T;))? is the standard MSE loss on observed
data,

o Loounterfactual = = iy (Y7 — 4(X;, TPF))? is the MSE on counterfac-

1

tual examples,
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e \cr controls the strength of explanation supervision. It is not bounded,

but we keep it in the range [0, 100] when searching for the optimal value.

S-Learner with EGL The S-learner receives (X, T') as input and is super-
vised on both factual and counterfactual outcomes simultaneously. During
each training iteration, the model processes batches from both the observa-
tional data and the counterfactual explanations, computing separate losses

for each.

X-Learner, DR-Learner, and DA-Learner with EGL For the X-
learner, DR-learner, and DA-learner, we apply EGL to the underlying S-

learner that serves as the nuisance outcome model (X, T). The improved

outcome predictions from the EGL-augmented S-learner then propagate through

the meta-learner pipeline:

e X-Learner: Better [, i1 estimates lead to more accurate imputed
treatment effects D1 =Y — fio(X) and Dy = 1, (X) — Y.

e DR-Learner: Improved outcome model reduces the residual terms
(Y — f11) and (Y — [ip) in the AIPW pseudo-outcome.

e DA-Learner: Better outcome predictions directly improve the plug-in
CATE estimate 7(z) = iy (z) — fio(x).
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Chapter 5
Results and Discussion

The introduction of counterfactual data augmentation through EGL led to
a consistent reduction in mean absolute bias across all evaluated
meta-learners. However, the magnitude of this improvement varied sub-
stantially between architectures, revealing important differences in how ex-

planation signals are propagated through the learning pipeline.
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S-Learner

Bias distribution
w

0 =4 —_ 1 _—

T T

S-learner S-learner (with CF explanations)

Figure 5.1: Distribution of absolute bias for the S-Learner. EGL reduces both
the mean and variance of estimation error, indicating improved stability of
the learned CATE. Mean Absolute Bias Decrease of 48%
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X-Learner

Bias distribution

0 - —_— —_—

T T
X-learner X-learner (With CF)

Figure 5.2: Distribution of absolute bias for the X-Learner. Improvements
are visible, reflecting better estimation of imputed treatment effects through
enhanced outcome models. Mean Absolute Bias Decrease of 31%
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DR-Learner

Bias distribution

04 —_! —

T T
DR-Learner DR-Learner (with CF)

Figure 5.3: Distribution of absolute bias for the DR-Learner. While EGL
reduces bias, the improvement is less pronounced compared to other archi-
tectures. Mean Absolute Bias Decrease of 30%
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DA-Learner

Bias distribution

04 e — e —

T T
DA-Learner DA-Learner (with CF)

Figure 5.4: Distribution of absolute bias for the DA-Learner. The strongest
improvement is observed, suggesting that this architecture is particularly
well-suited to leveraging EGL signals in the context of our DGP. Mean
Absolute Bias Decrease of 49%

Meta-Learner | Mean Absolute Bias Decrease
S-learner 48%
X-learner 31%
DR-learner 30%
DA-learner 49%

Table 5.1: Aggregated Results: Decrease in Mean Absolute Bias per Meta-
Learner Variant

Most notably, the DA-Learner exhibited the largest improvement, achieving
approximately a 49% reduction in mean bias (from 0.4161 to 0.2103). In
contrast, the DR-Learner, while still benefiting from EGL, showed a smaller
relative reduction of around 30% (from 0.6263 to 0.4395).
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Decrease in Mean Absolute Bias Across Meta-Learners

DA-learner 49%

48%

S-learner

X-learner

DR-learner 30%

0 10 20 30 40 50
Mean Absolute Bias Decrease (%)

Figure 5.5: Decrease in Mean Absolute Bias across Meta-Learner Architec-
tures

Tuning the Influence of EGL: \cr parameter

We explored how different values of A\qp—the parameter controlling the
strength of explanation supervision—affect the performance of our causal
estimators. To find an optimal value, we followed a simple approach of re-
running the experiments for each value of A\cr in the set [0, 0.1, 0.5, 1, 2,
5, 10, 20, 50, 70, 100]. For example, when A\cp = 0, the model is trained
only on factual observational data (baseline). When A\cp = 5, counterfactual
explanations contribute significantly to the training signal.

The dynamic of different values of Acp is demonstrated in the figures

below for S-learner and X-learner:
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Mean Absolute Bias

S-Learner: Effect of Counterfactual Loss Weight (Acr) on CATE Estimation Bias
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Y Best A=5:0.2470
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Figure 5.6: Effect of A\cp
on Mean Absolute Bias in S-Learner
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X-Learner: Effect of Counterfactual Loss Weight (Acr) on CATE Estimation Bias
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Y Best A=2:0.3287
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Figure 5.7: Effect of A\cp
on Mean Absolute Bias in X-Learner

The effect of the counterfactual loss exhibits a non-monotonic relationship
with bias reduction: performance improves as ¢ increases up to a moderate

range, after which further increases lead to diminishing returns.
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Chapter 6

Conclusions

6.1 Contributions

The main novelty and contribution of this thesis lie in bridging the gap
between causal inference and EGL. To the best of our knowledge, EGL tech-
niques have so far been primarily applied in domains such as computer vision,
NLP, Visual Question Answering (VQA), graph-based learning, and purely
associative predictive tasks [18] — but not in causal inference. Introduc-
ing EGL to this novel domain and systematically evaluating its effectiveness
through varied experiments, therefore, leads to a substantial contribution.

In a more detailed way, the contributions can be summarized as follows:

e First Steps in Formalization of EGL in causal inference. We ex-
tend the EGL paradigm to the setting of CATE estimation by explicitly
incorporating explanations as auxiliary signals within the causal learn-
ing pipeline. We formalize a data-generating process that incorporates
outcome explanations, present a corresponding graphical representa-
tion of the DAG, and provide a set of structural equations describing

the underlying causal structure.

e Integration of explanation signals into CATE estimation ob-
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jectives. We explicitly define an objective function with EGL loss with
a data augmentation approach. Specifically, we augment standard pre-
dictive loss with an explanation-based loss defined on counterfactual
samples, enabling the model to leverage additional structural informa-
tion about the outcome-generating process. We demonstrate how EGL
can be integrated into widely used meta-learners (S-, X-, DR~, and
DA-learners) through the outcome regression component. By treat-
ing the EGL-enhanced model as a plug-in estimator, we systematically

evaluate its impact across different causal estimation frameworks.

e Empirical analysis of EGL effectiveness. We provide empirical
evidence on how explanation signals improve causal effect estimation
by demonstrating a reduction in mean absolute bias. We demonstrate
their role as an auxiliary source of information for mitigating bias in

outcome models under confounding.

6.2 Future Research

In the current iteration of this work, we consider post-hoc explanations of
observed outcomes as the primary ”expert signal”, which is integrated into
outcome regression models within causal meta-learners. A natural exten-
sion is to incorporate explanations of treatment assignment, which we
expect to be readily interpretable and accessible in practice. Leveraging
such explanations would allow us to de-bias not only the outcome nuisance
components, but also the propensity models. When both outcome- and
treatment-related expert signals are available, we expect improvements in
CATE estimation to be even more robust.

So far, our approach has focused on EGL-based data augmentation. In fu-
ture work, we plan to investigate alternative modes of EGL integration,
in particular through supervision and regularization. These approaches

aim to align expert-provided explanations with model-derived interpretabil-
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ity signals, thereby guiding the model toward more expert-consistent rea-
soning. Concretely, this requires selecting suitable explainers for generating
model-side explanations and ensuring compatibility with the representation
of human-provided signals. For instance, when expert knowledge is expressed
in terms of feature importance, one could employ SHAP-based explanations
[9]. Systematically evaluating the effectiveness of such off-the-shelf explainers
remains an important direction for future work.

A key practical consideration in this context is whether the chosen ex-
plainer is differentiable, enabling its use within gradient-based optimiza-
tion pipelines. Many popular explainers, such as LIME [47], are not in-
herently differentiable, which complicates their integration into EGL-based
supervision schemes. This limitation motivates the exploration of surrogate
approximations or gradient-based methods [52].

Beyond meta-learning approaches, we also aim to study how EGL tech-
niques can be incorporated into alternative CATE estimation frame-
works, particularly deep learning-based models such as DragonNet [55],
CFRNet [31], and Deep Counterfactual Networks with Propensity Dropout
(DCN-PD) [4]. These architectures rely on representation learning and im-
plicit balancing mechanisms, making them a promising setting for integrating
expert-guided signals at the representation or regularization level.

Finally, the current experimental setup is limited to fully synthetic data
and does not account for hidden confounding, which restricts its real-
ism. As part of future work, we plan to incorporate hidden confounding
into the data-generating process and conduct sensitivity analyses, following
established approaches in the causal inference literature [28, 49].

In addition, we aim to extend our evaluation to semi-synthetic datasets,
which provide a more realistic benchmark while retaining partial ground
truth. This will enable a more rigorous assessment of the robustness and
practical applicability of EGL-enhanced estimators under conditions that

more closely resemble real-world data.
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