causal inference in clinical trials

Causal inference in clinical trials is fundamental to understanding the true effect of interventions.
Without rigorous methods to disentangle correlation from causation, clinical trial results can be
misleading, leading to suboptimal treatment decisions and wasted resources. This article delves into
the core principles and advanced techniques of causal inference as applied to clinical trial design,
analysis, and interpretation. We will explore how to establish causality, address confounding
variables, discuss various study designs suited for causal inference, and examine the role of advanced
statistical methods. Furthermore, we will touch upon the challenges and future directions in this
critical area of medical research, ensuring a comprehensive overview for researchers and
practitioners alike.
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Understanding Causality in Clinical Trials

At its heart, a clinical trial aims to determine whether a specific treatment or intervention causes a
desired outcome. This goes beyond simply observing that patients receiving a treatment also happen
to get better; it seeks to establish that the treatment itself is the reason for the improvement.
Establishing causality is paramount because it underpins evidence-based medicine, guiding clinicians
in selecting the most effective therapies for their patients. Without a clear understanding of causal
relationships, treatment recommendations might be based on spurious associations or the influence
of unmeasured factors.

The distinction between association and causation is a cornerstone of scientific inquiry. While two
variables might appear together frequently (association), it does not automatically mean one causes
the other. For instance, ice cream sales and drowning incidents are positively correlated, but neither
causes the other; both are influenced by a common cause: hot weather. Clinical trials, through their
structured approach, are designed to minimize such spurious associations and isolate the true effect
of the intervention. This involves careful control over study conditions and participant characteristics.

The Difference Between Association and Causation

Association refers to a statistical relationship between two variables. When one variable changes, the
other tends to change as well. This can be positive (both increase or decrease together) or negative
(one increases as the other decreases). However, association does not imply a cause-and-effect link.
Many factors can lead to an association, including confounding variables, reverse causality (where the



outcome influences the exposure), or pure chance.

Causation, on the other hand, means that a change in one variable directly leads to a change in
another. In the context of clinical trials, this means the intervention directly influences the patient's
health outcome. Proving causation requires more than just observing a pattern; it demands a robust
study design that systematically eliminates alternative explanations for the observed effect. This is
where the principles of causal inference become indispensable.

Why Causal Inference Matters in Medicine

The stakes in medicine are exceptionally high. Incorrectly attributing an outcome to an intervention
can lead to patients receiving ineffective or even harmful treatments. Conversely, failing to identify a
beneficial treatment due to poor causal inference can deny patients life-saving therapies. Causal
inference provides the framework and tools to ensure that conclusions drawn from clinical trials are
scientifically sound and clinically relevant, leading to better patient care and public health outcomes.
It allows us to build a reliable hierarchy of evidence, with well-designed causal studies at the top.

The Challenge of Confounding

Confounding is perhaps the most significant hurdle in establishing causality in observational studies
and can also subtly influence even randomized controlled trials if not properly handled. A confounding
variable is a third factor that is associated with both the exposure (the intervention) and the outcome,
thereby distorting the observed relationship between them. Ignoring or failing to account for
confounders can lead to erroneous conclusions about the efficacy or safety of a treatment.

For example, if a trial is investigating a new drug for heart disease, and patients who happen to
receive the drug are also younger and healthier on average than those who do not, then age and
baseline health status are potential confounders. Any observed improvement in the drug group might
be due to these baseline differences rather than the drug itself. Rigorous study design and statistical
analysis are crucial for mitigating the impact of such confounding factors.

What is a Confounding Variable?

A confounding variable, or confounder, must meet three criteria: it must be associated with the
exposure (independent of the outcome), it must be an independent risk factor for the outcome (even
in the absence of the exposure), and it must not be on the causal pathway between the exposure and
the outcome. For instance, if we are studying the effect of exercise on weight loss, a person's diet is a
confounder. People who exercise are often more health-conscious and may also diet more strictly.
Diet is associated with exercise (often) and independently affects weight loss, and it is not caused by
exercise itself. Failure to account for dietary habits could lead us to overestimate the weight loss
directly attributable to exercise.



Methods to Address Confounding

There are several strategies to address confounding. During the design phase, randomization is the
gold standard. In a randomized controlled trial (RCT), participants are randomly assigned to either the
intervention group or the control group. This process, if successful with a sufficiently large sample
size, tends to balance known and unknown confounders between the groups, ensuring that the only
systematic difference is the intervention itself. Other design-based methods include restriction
(limiting the study population to a specific range of a confounder) and matching (ensuring that
participants in different groups are similar on key confounding variables).

In the analysis phase, statistical techniques can be employed to adjust for confounding. These include
stratification (analyzing the relationship between exposure and outcome within different levels of the
confounder), matching in observational studies, and multivariable regression models (such as linear
or logistic regression) where the confounder is included as a covariate. Propensity score methods,
including propensity score matching and inverse probability of treatment weighting (IPTW), are
powerful tools for controlling for confounding in observational studies.

Key Concepts in Causal Inference

Causal inference relies on a set of well-defined concepts and frameworks that allow researchers to
formally reason about cause-and-effect relationships. These concepts provide the theoretical
underpinnings for designing studies and interpreting their results in a way that maximizes confidence
in causal claims. Understanding these foundational ideas is essential for anyone involved in clinical
research.

The primary goal is to estimate the causal effect of an intervention. This is often framed in terms of
counterfactuals: what would have happened to an individual if they had received the other treatment?
Since an individual can only receive one treatment, we can never directly observe this counterfactual.
Causal inference methods aim to estimate this unobservable quantity, often at the population level.

Potential Outcomes Framework

The potential outcomes framework, also known as Rubin's causal model, is a cornerstone of modern
causal inference. It posits that for each individual, there are potential outcomes for each possible
treatment they could receive. Let $Y(1)$ be the outcome if an individual receives the treatment, and
$Y(0)$ be the outcome if they receive the control. The individual treatment effect is defined as $Y(1) -
Y(0)$. The causal effect for the population is typically the average treatment effect (ATE), which is the
expected difference in potential outcomes across the entire population: $E[Y(1) - Y(0)]$.

The fundamental problem of causal inference is that for any given individual, we can only observe one
of their potential outcomes—either $Y(1)$ or $Y(0)$, but not both. This is the "missing counterfactual"
problem. Clinical trials, particularly RCTs, aim to estimate the ATE by comparing the observed
outcomes in the treatment group to the observed outcomes in the control group, under certain
assumptions.



The Stable Unit Treatment Value Assumption (SUTVA)

The Stable Unit Treatment Value Assumption (SUTVA) is a critical assumption in causal inference. It
comprises two parts: no interference and consistency. No interference means that the treatment
status of one individual does not affect the potential outcomes of another individual. For example, in a
trial for a vaccine, the vaccination of one person should not impact the immunity or health of another
person who was not vaccinated. Consistency implies that the observed outcome for an individual
receiving a particular treatment is their potential outcome under that treatment.

Violation of SUTVA can occur in various scenarios. Network effects (e.g., herd immunity), spillovers, or
even the act of being in a trial affecting behavior can violate no interference. Different versions of the
treatment or the patient understanding the treatment differently can violate consistency. Adherence
to SUTVA is essential for the unbiased estimation of causal effects from clinical trials.

Ignorability and Positivity

In observational studies, and sometimes in the analysis of RCTs to handle specific issues like missing
data or subgroup analyses, several key assumptions are crucial for valid causal inference. Ignorability,
also known as unconfoundedness or conditional exchangeability, states that given a set of observed
covariates, the treatment assignment is independent of the potential outcomes. This essentially
means that we have measured and can control for all relevant confounders. If there are unmeasured
confounders, ignoraiblity is violated, and the causal estimates will be biased.

Positivity, also known as common support or overlap, requires that for every combination of covariate
values, there is a non-zero probability of receiving any of the treatments. This ensures that for every
individual, their observed covariates are representative of individuals who might have received a
different treatment. If positivity is violated, we lack comparable individuals across treatment groups
for certain covariate profiles, making it impossible to estimate causal effects for those individuals.

Designing Clinical Trials for Causal Inference

The design of a clinical trial is the most critical determinant of its ability to establish causal
relationships. While randomization is the cornerstone, other design elements and choices significantly
impact the validity and interpretability of causal conclusions. A well-designed trial minimizes bias and
confounding from the outset.

Beyond simple randomization, the choice of control group, blinding procedures, and the specific trial
design (e.qg., parallel, crossover, factorial) all play a role. Each design has its strengths and
weaknesses concerning its ability to isolate the causal effect of the intervention and its efficiency.



Randomized Controlled Trials (RCTs)

The RCT is considered the gold standard for establishing causality due to its inherent ability to
balance confounders. Participants are randomly allocated to receive the intervention or a control
(e.g., placebo, standard care). This randomization process, especially with adequate sample size,
ensures that, on average, the groups are comparable at baseline with respect to both measured and
unmeasured characteristics. Therefore, any statistically significant difference in outcomes between
the groups can be more confidently attributed to the intervention.

Key elements of an RCT that bolster causal inference include:

e Randomization method (e.qg., simple, block, stratified)

e Blinding (single-blind, double-blind, triple-blind) to prevent performance and detection bias
e Clear inclusion and exclusion criteria

e Well-defined primary and secondary endpoints

 Pre-specified statistical analysis plan

Choice of Control Group

The nature of the control group is vital for making valid causal comparisons. A placebo control is used
when there is no known effective treatment, and the goal is to demonstrate that the intervention is
better than no active treatment. An active control group receives a standard-of-care treatment,
allowing researchers to assess if the new intervention is superior, non-inferior, or equivalent to
existing therapies. Choosing an appropriate control group is crucial for answering specific clinical
questions and making relevant causal claims about the intervention's benefit relative to current
options or no treatment.

Other Study Designs with Causal Implications

While RCTs are ideal, other designs can also support causal inference, particularly when RCTs are not
feasible or ethical.

¢ Quasi-experimental designs: These studies mimic experimental designs but lack random
assignment. Examples include interrupted time series (observing trends before and after an
intervention) and controlled before-and-after studies.

¢ Natural experiments: These leverage naturally occurring events or policy changes that create
guasi-random assignment to exposure.



e Observational studies with advanced methods: Techniques like propensity score matching
or instrumental variable analysis can strengthen causal claims from observational data by
attempting to emulate randomization.

These designs require more careful consideration of potential biases and confounders but can provide
valuable evidence when RCTs are not an option.

Statistical Methods for Causal Inference

Once a clinical trial is designed, statistical methods are employed to analyze the data and estimate
causal effects. The choice of method depends on the study design, the nature of the data, and the
assumptions that can be reasonably made. These methods aim to isolate the effect of the
intervention from other influences.

Beyond simple t-tests or chi-square tests, which primarily assess association, causal inference
methods often involve modeling relationships or creating comparable groups to estimate
counterfactual outcomes. Sophisticated techniques are continually being developed to address
complex scenarios and improve the precision and validity of causal estimates.

Regression Analysis and Adjustment

Regression models, such as linear regression for continuous outcomes and logistic regression for
binary outcomes, are widely used to adjust for confounding. By including potential confounders as
covariates in the regression equation, researchers can estimate the effect of the intervention while
holding the confounders constant. This approach effectively "controls" for the influence of these
variables, providing a more accurate estimate of the intervention's direct effect.

For example, in a linear regression model predicting blood pressure ($Y$) based on a new drug ($X$)
and age ($Z$), the model might be $E[Y|X,Z] = \beta_0 + \beta_1 X + \beta_2 Z$. The coefficient
$\beta_1$ represents the estimated effect of the drug on blood pressure, adjusted for age. The larger
and more comprehensive the set of measured confounders included, the more robust the adjusted
estimate of the causal effect.

Propensity Score Methods

Propensity score methods are powerful techniques for reducing confounding in observational studies
and can also be used in RCTs to increase efficiency or analyze certain subgroups. The propensity
score for an individual is the probability of receiving the treatment, given a set of observed
covariates. It is often calculated using logistic regression.

Once propensity scores are estimated, several approaches can be used:



e Propensity Score Matching: Individuals in the treatment group are matched with individuals
in the control group who have similar propensity scores. This creates a matched sample that
resembles a randomized experiment.

* Propensity Score Stratification: Participants are divided into strata based on their
propensity scores. The treatment effect is then estimated within each stratum and averaged
across strata.

* Inverse Probability of Treatment Weighting (IPTW): Each participant is weighted by the
inverse of their propensity score (for treated individuals) or the inverse of 1 minus their
propensity score (for control individuals). This creates a pseudo-population where treatment
assignment is independent of covariates.

Propensity score methods are particularly useful when there are many confounders to adjust for
simultaneously.

Instrumental Variables (1V)

Instrumental variables are used when there is a concern about unmeasured confounding. An
instrumental variable ($Z$) is a variable that affects the treatment assignment ($X$) but does not
directly affect the outcome ($Y$) except through its effect on $X$. It also must not be associated with
the unmeasured confounders. The ideal instrumental variable helps to isolate the variation in the
treatment that is exogenous and thus unrelated to unmeasured confounders.

For example, if clinicians' preferences for prescribing a drug are random and unassociated with
patient prognosis, this preference could serve as an instrument for the drug itself. By analyzing how
the instrumental variable predicts the outcome, researchers can estimate the causal effect of the
treatment, provided the strong assumptions of IV are met. This method is complex and relies on the
availability of valid instruments.

Advanced Topics and Applications

As the field of causal inference evolves, increasingly sophisticated methods are being developed and
applied to clinical trial data and related observational studies. These advanced techniques address
specific challenges like time-varying treatments, complex interventions, and the need for
personalized treatment effects.

The application of these methods allows for a deeper understanding of treatment effects, going
beyond simple average effects to explore nuanced relationships and individual variability. This opens
doors for more precise and effective medical interventions.



Time-Varying Treatment Effects

In many clinical scenarios, treatments are not administered at a single point in time but are dynamic,
potentially being started, stopped, or modified over the course of the study. Standard causal
inference methods often assume static treatment assignment. Time-varying treatment methods, such
as marginal structural models (MSMs) and g-computation, are designed to estimate the causal effect
of such dynamic treatment regimens while accounting for time-dependent confounding.

These methods use techniques like IPTW with time-dependent weights to adjust for confounding that
changes over time as treatment and covariates evolve. This is crucial for analyzing trials involving
chronic diseases where treatment strategies may adapt to a patient's changing condition.

Causal Discovery and Network Inference

Causal discovery aims to learn causal relationships from data without pre-specifying a causal model.
Algorithms like PC algorithm or FCI (Fast Causal Inference) can be used to infer causal graphs from
observational data. While these methods are powerful, they often require strong assumptions and are
highly sensitive to data quality. In clinical settings, causal discovery can help generate hypotheses
about novel biological pathways or identify unintended side effects.

Network inference extends this to understanding complex interactions between multiple variables,
which can be particularly relevant for diseases with multifactorial etiologies or when analyzing large-
scale omics data. Applying these methods cautiously to clinical trial data can reveal intricate causal
webs that might otherwise remain hidden.

Heterogeneous Treatment Effects (HTE)

The assumption of a uniform treatment effect across all individuals is often unrealistic. Heterogeneous
treatment effects refer to the phenomenon where the causal effect of an intervention varies across
different subgroups of the population. Identifying these subgroups and understanding the sources of
heterogeneity is crucial for personalized medicine.

Methods for estimating HTE include subgroup analysis, interaction terms in regression models,
machine learning approaches (e.g., Causal Forests, GRF), and meta-analysis of individual participant
data. By identifying who is most likely to benefit from a treatment, clinicians can tailor therapies for
optimal patient outcomes, moving away from a one-size-fits-all approach.

Challenges and Future Directions

Despite the advancements in causal inference, several challenges persist in its application to clinical
trials. These include issues related to data quality, complex study designs, ethical considerations, and
the interpretability of results for clinical practice.



The future of causal inference in clinical trials lies in further integration with emerging technologies, a
continued focus on robust methodology, and greater collaboration between statisticians,
epidemiologists, and clinicians. The goal is to provide even more reliable and actionable evidence for
improving human health.

Ethical Considerations and Data Privacy

As causal inference methods become more sophisticated, especially those using large datasets or
inferring complex relationships, ethical considerations and data privacy become increasingly
important. Ensuring that individual patient data is protected while still allowing for rigorous causal
analysis requires careful attention to regulations and best practices. Techniques like differential
privacy and federated learning are being explored to enable analysis while preserving confidentiality.

Furthermore, the pursuit of personalized medicine through HTE analysis raises questions about
equitable access to treatments. Researchers and policymakers must consider how to ensure that
insights gained from causal inference benefit all patient populations, not just those for whom data is
most readily available or easily analyzed.

Integration with Machine Learning and Al

The synergy between causal inference and machine learning (ML) offers exciting possibilities. ML
algorithms excel at identifying complex patterns in high-dimensional data, which can be leveraged to
improve confounder identification and adjustment, estimate propensity scores more accurately, and
uncover novel sources of treatment effect heterogeneity. Causal discovery algorithms, often inspired
by ML principles, can automate the process of hypothesis generation.

However, a crucial distinction must be maintained: ML models are often predictive, aiming to find
correlations, while causal inference seeks to understand cause-and-effect. Integrating ML for
prediction within a causal framework requires careful application to ensure that predictive power does
not lead to spurious causal claims. Methods like ML-augmented propensity score estimation or using
ML to identify interactions for HTE estimation are promising areas of development.

Improving Reproducibility and Transparency

Reproducibility and transparency are critical for building trust in scientific findings. In causal
inference, this means clearly documenting all assumptions, data processing steps, analytical
methods, and code. The increasing availability of open-source software packages for causal inference
(e.g., “causalgraph’, “grf, "EconML" in Python; "Matchlt’, "twang’, "estimatr™ in R) facilitates this.

Future directions include developing standardized reporting guidelines for causal inference studies,
similar to CONSORT for RCTs, to ensure that all essential details are communicated. Enhanced
transparency allows other researchers to scrutinize the methods, verify the results, and build upon
the findings, ultimately strengthening the evidence base in clinical medicine.



Q: What is the primary goal of causal inference in clinical
trials?

A: The primary goal of causal inference in clinical trials is to accurately determine whether an
intervention or treatment causes a specific outcome, distinguishing this from mere association or
correlation. This involves isolating the effect of the intervention by accounting for all other influencing
factors.

Q: Why is confounding a major challenge in clinical trials?

A: Confounding is a major challenge because a confounding variable is related to both the
intervention and the outcome, creating a spurious association that can mislead researchers into
believing the intervention has an effect it does not, or masking a true effect. In clinical trials, this can
lead to incorrect conclusions about treatment efficacy or safety.

Q: How does randomization help with causal inference in
clinical trials?

A: Randomization helps with causal inference by ensuring that, on average, participants in different
treatment groups are similar at baseline with respect to both known and unknown confounding
factors. This balance minimizes the likelihood that observed differences in outcomes are due to pre-
existing differences between groups rather than the intervention itself.

Q: What are potential outcomes and why are they important
in causal inference?

A: Potential outcomes represent what would have happened to an individual under each possible
treatment condition. They are important because causal inference aims to estimate the difference
between these potential outcomes, but only one outcome can be observed for any given individual.
This "missing counterfactual” is the fundamental problem that causal inference methods aim to
address.

Q: Can causal inference be performed on observational
studies, or is it exclusive to randomized controlled trials?

A: Causal inference can be performed on observational studies, but it is significantly more challenging
due to the inherent presence of confounding. While RCTs are the gold standard for causal inference,
methods like propensity score analysis, instrumental variables, and regression adjustment can be
used on observational data to strengthen causal claims, though they rely on stronger, often
untestable, assumptions.

Q: What is a propensity score and how is it used in causal



inference?

A: A propensity score is the probability of an individual receiving a particular treatment, given their
observed characteristics (covariates). It is used in causal inference, particularly in observational
studies, to balance groups on observed confounders. Methods like propensity score matching,
stratification, and inverse probability of treatment weighting (IPTW) use propensity scores to create
comparable treatment and control groups.

Q: What are heterogeneous treatment effects (HTE)?

A: Heterogeneous treatment effects refer to the variation in the magnitude or direction of a
treatment's causal effect across different subgroups of the population. Identifying HTE is crucial for
personalized medicine, allowing clinicians to tailor treatments to individuals or groups who are most
likely to benefit or experience adverse effects.

Q: How is causal inference related to machine learning?

A: Machine learning techniques can be used to enhance causal inference, for example, by improving
the estimation of propensity scores or identifying complex interactions that contribute to
heterogeneous treatment effects. However, it's critical to distinguish between predictive
(correlational) models common in ML and the aim of causal inference, which is to establish cause-and-
effect relationships.

Q: What are some of the limitations of causal inference in
clinical trials?

A: Limitations include the challenge of unmeasured confounding, violations of assumptions like
SUTVA, reliance on specific statistical models, the complexity of time-varying treatments, and the
difficulty in establishing causality for rare outcomes or for rare events of adverse drug reactions. The
cost and time involved in well-designed trials also pose practical limitations.
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