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Abstract

Estimating treatment effects accurately in observational studies is a persistent challenge due
to confounding, selection bias, and the non-random assignment of treatments. Traditional
causal inference frameworks, while statistically grounded, often struggle with high-
dimensional data and non-linear relationships. Conversely, machine learning (ML) excels in
handling such data complexities but lacks a principled approach to causal interpretation.
This paper explores the integration of causal inference techniques with machine learning
models to improve the estimation of average and heterogeneous treatment effects (ATE,
HTE) in observational studies. We discuss existing approaches, such as doubly robust
learners, causal forests, and targeted maximum likelihood estimation (TMLE), and propose
a synthesis framework grounded in the Neyman-Rubin causal model. Our results highlight
that hybrid models significantly outperform traditional estimators under varied
confounding scenarios and offer better generalizability in real-world applications.
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1. Introduction

Estimating the causal effect of treatments from observational data is central to fields
such as healthcare, economics, and public policy. In randomized controlled trials (RCTs),
randomization minimizes confounding and permits unbiased treatment effect estimation.
However, RCTs are often infeasible due to ethical, logistical, or financial constraints.
Observational data, although abundant, inherently carries confounding bias due to non-

random treatment assignment.




Traditional statistical methods, including propensity score matching (PSM), inverse
probability weighting (IPW), and regression adjustment, attempt to mitigate bias using
covariate balancing or modeling. Yet, these methods typically rely on linear assumptions and
lack robustness when handling high-dimensional or complex data structures. With the
advent of machine learning, researchers now explore hybrid models that can flexibly learn

representations while adhering to causal identification assumptions.

The objective of this paper is to explore methods that integrate causal inference
principles with modern machine learning to estimate individual and average treatment
effects. We analyze key methodological advances, propose a synthesis framework, and
evaluate the comparative performance of integrated models through simulations and

synthetic datasets.

2. Literature Review

The integration of causal inference with machine learning gained momentum in the
early 2010s, though foundational causal concepts stem from decades prior. The Rubin

Causal Model (Rubin, 1974) and Pearl's Structural Causal Model (Pearl, 2000) laid the




theoretical groundwork. These frameworks clarified the assumptions necessary for

identifying causal effects, such as ignorability, consistency, and positivity.

Various hybrid methods emerged that marry causal inference assumptions with ML
flexibility. Athey & Imbens (2016) introduced causal trees, enabling subgroup-specific
treatment effect estimation. Later, Wager & Athey (2018) extended this to causal forests,
which estimated conditional average treatment effects (CATE) in a non-parametric,
interpretable way. Meanwhile, Van der Laan and Rose (2011) developed Targeted
Maximum Likelihood Estimation (TMLE), which combines machine learning predictions

with efficient influence functions to produce doubly robust treatment estimates.

Additionally, the meta-learner framework (Kiinzel et al., 2019) proposed S-learners,
T-learners, and X-learners, offering general-purpose templates for integrating ML into
causal inference. These algorithms have been applied in personalized medicine, education
interventions, and economic policy modeling. However, most studies highlight that
performance depends critically on how well model assumptions align with the data-

generating process.

3. Objective and Hypothesis

The core objective of this research is to determine whether integrating causal inference
principles into machine learning frameworks improves treatment effect estimation from
observational datasets. Specifically, we hypothesize that hybrid models (e.g., causal forests,
TMLE) yield more accurate and robust estimates of both ATE and HTE compared to

traditional statistical models and stand-alone machine learning techniques.

We further hypothesize that integrating model-agnostic machine learning with causal
estimation procedures can address common pitfalls such as model misspecification,
unobserved heterogeneity, and overfitting. The goal is not just prediction, but to achieve valid

causal inference while leveraging ML's flexibility in high-dimensional settings.




4. Methodology and Metrics

Our experimental design focuses on both synthetic and semi-synthetic observational

datasets with known ground truth for treatment effects. The key metrics used include:
e Root Mean Squared Error (RMSE) between estimated and true treatment effects.
o Bias and variance decomposition.
o Coverage probability of confidence intervals.
o Policy value estimation, i.e., evaluating decision rules derived from HTE estimates.

Data is simulated using common benchmarks (e.g., the IHDP dataset) where treatment
assignments are biased, and covariates are high-dimensional. Additional tests are run on
healthcare observational datasets with electronic health record (EHR) data where outcome

dependencies are non-linear and confounded.

Table 1. Performance Comparison of Causal Inference Methods for Estimating

Average Treatment Effects (ATE)

Method RMSE (ATE) [Bias [95% CI Coverage
Linear Regression 0.142 0.092 (0.84
Propensity Score + ML 0.098 0.071 10.91
Causal Forest 0.065 0.042 |0.95
TMLE 0.059 0.039 10.96

5. Techniques and Tools

To investigate the integration of machine learning with causal inference, this study
implemented several state-of-the-art algorithms that are specifically designed for treatment
effect estimation. Among these, Causal Forests, based on the Generalized Random Forest
framework, offer non-parametric estimation of heterogeneous treatment effects (HTE) by

partitioning covariate space in a way that captures variation in treatment responses. We also




employed Targeted Maximum Likelihood Estimation (TMLE), which combines flexible
machine learning-based outcome modeling with targeted bias reduction to produce doubly
robust and semiparametric-efficient estimators of average treatment effects (ATE).
Additionally, we utilized meta-learners, including S-learner, T-learner, and X-learner
configurations, in conjunction with gradient boosting algorithms such as XGBoost, known

for its high predictive performance and regularization capabilities.

All models were implemented using open-source causal inference toolKkits such as
EconML (developed by Microsoft Research), DoWhy (a Python library for causal inference
built on structural causal models), and CausalML (developed by Uber). These tools allow for
modular implementation of counterfactual frameworks, model validation, and automated
policy evaluation. Data preprocessing, feature engineering, and treatment assignment
modeling were conducted using scikit-learn, while hyperparameter optimization was
performed using cross-validated grid search strategies. Our experimental pipelines were
developed in Python 3.8 and Jupyter environments, with version-controlled notebooks
ensuring reproducibility and code integrity. For statistical testing and bootstrapped

confidence interval estimation, the statsmodels and numpy libraries were used.

We implemented and compared various causal-ML algorithms using the EconML and

DoWhy libraries in Python. Specific models include:

Causal Forests via Generalized Random Forests.
e TMLE using the tmle3 R package and its Python bindings.

S-learner and X-learner with XGBoost as base learners.

Bayesian Additive Regression Trees (BART) for uncertainty estimation.

6. Quality Assurance

Ensuring methodological rigor and validity in treatment effect estimation is critical,
particularly when integrating flexible, non-parametric models. To uphold reliability, we

adopted robust validation frameworks grounded in both statistical and computational




best practices. First, we applied k-fold cross-validation (k=5) across all modeling pipelines
to guard against overfitting and assess generalization error. For each fold, model
performance metrics—such as RMSE, bias, and coverage probability—were computed and
averaged across trials. This not only stabilizes performance estimates but also reflects

variability across different data partitions.

Second, we embedded double robustness checks within TMLE and doubly robust
learner implementations, ensuring that either the outcome model or the treatment model
could be misspecified without compromising the consistency of the estimator. We also
conducted sensitivity analyses by varying the strength of unobserved confounding using
Rosenbaum bounds, which assess how hidden biases could impact treatment estimates.
Furthermore, we followed best practices outlined in the CONSORT and STROBE
guidelines for reporting causal inference results derived from observational data. Ethical
oversight was maintained by excluding any individually identifiable data, and all synthetic
datasets were generated with complete control over confounding structures to enable

benchmarking.

Finally, code reproducibility and transparency were enforced by publishing all
source code, trained model artifacts, and experiment logs in a public GitHub repository. Each
experiment was run with random seeds for initialization and data sampling, enabling full
reproducibility. Documentation was generated automatically using Jupyter Book and hosted

alongside experiment results to facilitate peer review, replication, and community feedback.
To ensure replicability and transparency, we follow best practices in causal inference:
e Adhere to Robins’ framework of counterfactual consistency and positivity.
e Use double robustness to reduce sensitivity to model misspecification.
e Conduct sensitivity analyses by varying unobserved confounding levels.

e Validate all models using both in-sample and out-of-sample treatment effect

estimation.




All source code is version-controlled on GitHub and includes Jupyter notebooks with
end-to-end data pipelines. Model results are averaged across 30 randomized trials to ensure

statistical stability.

7. Limitations and Potential Biases

A Kkey limitation lies in the assumption of ignorability, which posits that all
confounders are observed. In real-world data, this assumption is often violated, leading to
biased estimates despite advanced modeling techniques. Sensitivity analyses help, but

cannot fully address hidden confounding.

Additionally, machine learning models may introduce overfitting, particularly in
smaller sample sizes. Interpretability is another concern—models like neural nets or

ensemble methods offer limited transparency, complicating clinical or policy adoption.

Lastly, the ethical implications of algorithmically-derived treatment policies warrant
scrutiny, especially in health or criminal justice applications, where decision-making affects

real human lives.

8. Conclusion

This study explored the integration of causal inference methodologies with machine
learning techniques to enhance the estimation of treatment effects in observational studies.
Traditional causal models, while statistically principled, often falter in high-dimensional,
non-linear data settings due to rigid assumptions. Conversely, machine learning models
provide robust predictive capabilities but lack mechanisms for causal identification. The
fusion of these approaches—exemplified by models such as Causal Forests, TMLE, and meta-
learners—offers a promising pathway to overcome these individual limitations and achieve

more accurate and interpretable treatment effect estimations.

Our empirical evaluation demonstrates that hybrid models grounded in causal

principles and augmented by machine learning consistently outperform classical estimators




and naive ML predictors. They achieve lower estimation error, better coverage of confidence
intervals, and more reliable policy recommendations. Importantly, these models retain a
degree of interpretability necessary for application in sensitive domains like healthcare and
public policy. However, challenges remain, particularly in addressing unobserved
confounding and in interpreting black-box algorithms in real-world decision-making
contexts. Future research should focus on improving model transparency, developing tools
for causal sensitivity analysis, and extending these frameworks to time-dependent and

dynamic treatment regimes.
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