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Abstract 

The increasing complexity of real-world data has amplified interest in applying causal 

inference techniques beyond randomized controlled trials. Observational studies, although 

rich in information, pose inherent challenges due to confounding variables and selection 

biases. Machine learning (ML) models, particularly counterfactual estimation methods, have 

emerged as powerful tools to infer causal effects by approximating the potential outcomes 

framework. This paper provides a comprehensive analysis of counterfactual estimation 

approaches for causal inference in observational studies using ML, considering 

contemporary advances and limitations. Literature, compare state-of-the-art methods, and 

illustrate their applications with visual models. Through theoretical discussions and 

empirical observations, we highlight the transformative potential of ML in making robust 

causal claims from observational data. 
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1. Introductıon  

Causal inference addresses the core question of understanding how interventions or 

treatments affect outcomes. In contrast to randomized experiments, observational studies 

lack randomized assignment, making them vulnerable to hidden biases. However, such data 

are abundant and can offer valuable insights if analyzed carefully. 

In this context, counterfactual reasoning is pivotal. It estimates the potential outcome 

had a different treatment been applied to the same subject. The rise of ML provides 

innovative approaches to estimate such counterfactuals even in the presence of complex, 

high-dimensional covariates. Yet, the practical realization of this idea hinges on assumptions 

like ignorability and the overlap condition, which are not always satisfied. 

 

2. Literature Review 

Causal inference methodologies have evolved through several foundational works. 

Rubin’s potential outcomes framework laid the basis for modern counterfactual reasoning. 

The propensity score method introduced by Rosenbaum and Rubin became a fundamental 

tool to control for confounding. Pearl’s structural causal models provided a graphical 

alternative, focusing on causal graphs and do-calculus. 

More recent works have integrated ML into causal inference. Hill (2011) introduced 

Bayesian additive regression trees (BART) for heterogeneous treatment effect estimation. 

Wager and Athey (2018) proposed causal forests. Johansson et al. (2016) introduced 

representation learning for counterfactual inference. Louizos et al. (2017) developed the 

CFRNet model combining balancing representations with deep learning. Shalit et al. (2017) 

further refined these methods using integral probability metrics. 
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Ensemble models like Targeted Maximum Likelihood Estimation (TMLE) and Doubly 

Robust Estimators have gained traction for their bias reduction properties. Additionally, 

interpretable ML frameworks have been applied to causal tasks for transparency in high-

stakes decision-making, especially in healthcare and policy evaluation. 

 

3. Counterfactual Estimation Framework 

Counterfactual estimation requires modeling the potential outcomes 𝑌(1) and 

𝑌(0)for treated and untreated units, respectively. Since only one of these can be observed, 

estimating the other relies on assumptions and models. 

This structure emphasizes the importance of accurate modeling of treatment 

assignment and outcomes. Modern methods utilize neural networks to learn flexible 

functions that reduce bias due to non-random treatment assignment. 

 

Figure 1: Counterfactual Estimation Workflow 

 

4. Machine Learning Models for Causal Inference 

ML offers powerful tools to automate and scale causal estimation. Popular approaches 

include: 

• Causal Forests: These are extensions of random forests tailored to treatment 

heterogeneity. 

• Bayesian Additive Regression Trees (BART): Captures nonlinear relationships and 

estimates uncertainty. 

• Representation Learning: Aims to balance treatment groups by learning invariant 

latent spaces. 
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Each model carries trade-offs in interpretability, accuracy, and assumptions. Figure 2 

compares various methods based on flexibility and bias control. 

 

 

Figure 2: Bias vs Variance in ML-based Causal Estimators 

 

5. Applications in Observational Studies 

Counterfactual estimation is widely applied in economics, healthcare, marketing, and 

social sciences. For instance, in public health, estimating the effect of vaccination programs 

from non-randomized studies has become increasingly essential. 

 

Table 1: Applications of Machine Learning-Based Causal Inference Methods in 

Observational Studies Across Domains 

Domain Model Used Outcome Measured Approach 

Healthcare TMLE, BART Hospital readmission Doubly robust 

Education Causal Forest Test score improvement ITE estimation 

Marketing CFRNet, Uplift Customer churn Uplift modeling 

Public Policy BART + Propensity Unemployment impact ATE estimation 
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This diversity reflects the adaptability of ML techniques to complex datasets lacking 

experimental design. 

 

6. Challenges and Limitations 

Despite advancements, challenges remain. Unobserved confounding continues to limit 

the validity of causal conclusions. Sensitivity analyses are crucial but often neglected. 

Moreover, model interpretability remains a concern, especially in regulatory settings. 

Additionally, data quality issues such as missing data and selection bias can affect 

estimators. Hybrid models combining ML with domain knowledge, such as incorporating 

graphical causal models or expert priors, represent a promising direction. 

 

7. Conclusion 

Causal inference through counterfactual estimation has evolved significantly with the 

integration of machine learning models. While observational data remains inherently limited 

compared to randomized trials, recent methods provide robust tools for estimating 

treatment effects under plausible assumptions. Continued efforts in interpretability, 

fairness, and data quality will be essential to responsibly apply these methods in critical 

domains. 
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