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Abstract

The increasing complexity of public health challenges necessitates robust evaluation
frameworks for policy interventions. Causal inference, particularly in the context of
observational data, has emerged as a critical methodology in this realm. This paper examines
the evolving role of causal inference tools—such as propensity score matching, inverse
probability weighting, and instrumental variable analysis—in assessing the impact of health
policies using non-randomized data. We evaluate recent methodological advancements,
discuss their application in real-world public health settings, and explore both statistical and
practical challenges. Emphasis is placed on ensuring internal validity, mitigating
confounding bias, and interpreting heterogeneous treatment effects. Through visual data
representation and literature synthesis, we advocate for a more integrated approach to
leveraging causal inference for actionable policy insights.
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1. Introduction

In the realm of public health analytics, randomized controlled trials (RCTs) have long
been considered the gold standard for determining causality. However, their applicability is
often limited due to ethical, logistical, or financial constraints. Consequently, the field has
seen a growing reliance on observational data, which, while more accessible, presents
substantial challenges in establishing causal relationships due to potential confounding and

selection bias.




As the global public health landscape becomes increasingly dynamic—marked by
pandemics, environmental shifts, and policy reforms—the demand for timely, evidence-
based decision-making is paramount. In such contexts, observational data sourced from
administrative health records, electronic health data, and population surveys provides rich,
albeit complex, information. Causal inference methods offer a structured framework for
extracting credible causal effects from such data, thus supporting policymakers in designing

and refining interventions.

2. Literature Review

The literature on causal inference in observational studies is extensive, rooted in
foundational works from the social sciences and econometrics. Rubin’s Potential Outcomes
Framework (Rubin, 1974) introduced the concept of counterfactuals, which has become
central in estimating causal effects. Later, Rosenbaum and Rubin (1983) pioneered
propensity score matching (PSM), enabling researchers to approximate randomization by

balancing covariates across treated and control groups in observational datasets.

Heckman et al. (1997) advanced the econometric theory by integrating selection
models to correct for biases, particularly in labor and education studies. In public health,
Hernan and Robins (2006) emphasized the utility of marginal structural models (MSMs) to
adjust for time-varying confounders, a frequent issue in longitudinal health data. Pearl’s
(2000) structural causal models offered a graphical representation of causality, facilitating

clearer assumptions and model specifications.

Recentadvances up to 2021—such as targeted maximum likelihood estimation (TMLE)
by van der Laan and Rose (2011)—combine machine learning with causal inference, offering
doubly robust estimators that are both flexible and theoretically grounded. These
innovations collectively underscore a movement toward more rigorous and transparent

causal inference from observational data in health policy analysis.




3. Methodological Framework for Causal Inference in Policy Impact Assessment

Causal inference methods are designed to estimate the treatment effect of an
intervention (e.g., a policy change) when randomization is not possible. The fundamental
estimand is often the average treatment effect (ATE) or the average treatment effect on the
treated (ATT). Core assumptions—such as unconfoundedness, overlap, and consistency—

must be carefully considered when using observational data.

To meet these assumptions, researchers frequently use matching techniques (e.g.,
propensity score matching), reweighting (e.g., inverse probability of treatment weighting or
IPTW), or advanced regression techniques (e.g., doubly robust estimation). These
approaches aim to balance covariate distributions between treated and untreated groups,
thereby mimicking randomized experimental conditions. In the context of public health, such
methods are applied to analyze the effect of insurance expansion, vaccination mandates, or

nutritional subsidies.

Table 1: Summary of Key Causal Inference Methods

Application E -
Method Key Assumption Outcome Type plI(: plication Exam
Propensny Score Match- Conditional Independence Binary/Continu- Medicaid expansion
ing (PSM) ous
Inverse Probability Positivity & No unmeasured . COVID-19 mask

o . Continuous
Weighting (IPW) confounding mandates
Instrumental Variables . ) Binary/Continu- |Smoking cessation
Exogeneity of instrument

(Iv) ous programs

4. Application of Causal Inference in Public Health Case Studies

The use of causal inference in public health spans a wide array of policy evaluations.
For instance, in assessing the impact of Medicaid expansion under the Affordable Care Act,
researchers have used PSM to estimate the policy’s effect on access to care and health

outcomes. Similarly, IPTW has been instrumental in evaluating the efficacy of COVID-19 non-
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pharmaceutical interventions, such as lockdowns and mask mandates, using mobility and

infection rate data.

In a 2021 study, Nguyen et al. evaluated the effectiveness of a tobacco taxation policy
by employing an instrumental variable approach where the tax was instrumented using
historical legislative trends. Their results demonstrated a significant decrease in smoking
prevalence, underscoring the value of such methods in quantifying real-world impacts. These
case studies exemplify the potential for observational data to guide critical policy decisions

when analyzed with robust causal tools.

Figure 1: Treatment Effect Distribution (Policy A vs. Policy B)
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Figure 1: Bean Plot of Treatment Effect Distribution (Policy A vs. Policy B)

5. Challenges and Limitations

Despite their promise, causal inference methods are not without limitations. The
reliance on untestable assumptions—particularly the assumption of no unmeasured

confounding—remains a persistent challenge. Furthermore, model misspecification or




inappropriate selection of covariates can lead to biased estimates. Methods like sensitivity

analysis and E-values are increasingly used to assess the robustness of findings.

In addition, public health interventions often involve heterogeneous treatment effects
across subgroups, such as age, gender, or socioeconomic status. Failure to account for these
effect modifiers can obscure true policy effectiveness. Moreover, missing data and time-
varying exposures in longitudinal designs add complexity to estimation and interpretation,

necessitating advanced methods such as g-methods and longitudinal targeted learning.

6. Future Directions and Recommendations

As the availability of high-dimensional health data increases, integrating machine
learning with causal inference holds promise for both prediction and causal estimation.
Techniques such as causal forests and Bayesian structural models offer nuanced insights into
heterogeneous effects and policy optimization strategies. Moreover, emphasis on
transparent reporting—through checklists like the STROBE and the use of directed acyclic

graphs (DAGs)—can improve reproducibility and trust in findings.

We recommend future research to focus on the development of real-time causal
inference tools for policy dashboards, enabling decision-makers to evaluate the projected
and observed impact of ongoing interventions. In addition, cross-disciplinary training in both
causal inference and policy design is essential for building analytic capacity within public

health institutions.

7. Conclusion

Causal inference provides a vital bridge between observational data and actionable
policy insights in public health. By rigorously applying these methods, researchers can derive
more credible estimates of intervention effects, even outside controlled trial environments.

However, the field must remain vigilant about assumptions, model transparency, and ethical




considerations. The fusion of methodological innovation and practical application will be key

to advancing evidence-based policy in the 21st century.
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