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1 Introduction

Randomization has long been recognized as the gold standard for establishing
causal relationships in experimental research. The fundamental principle of
randomization-based inference (RBI) rests on the idea that the act of random
assignment provides a known probability distribution for test statistics under
the null hypothesis of no treatment effect. While traditional RBI methods
have been predominantly applied in randomized controlled trials, their potential
for extension to quasi-experimental designs remains largely unexplored. This
paper addresses this gap by developing a comprehensive framework that extends
RBI principles to both experimental and quasi-experimental contexts, thereby
creating a unified approach to causal inference.

The novelty of our approach lies in reconceptualizing randomization not
merely as a design feature but as the foundational element for statistical in-
ference across diverse research settings. We propose that the logical structure
of randomization tests can be adapted to situations where true randomization
is absent by constructing reference distributions based on plausible random-
ization mechanisms. This represents a significant departure from conventional
approaches that typically rely on model-based assumptions or instrumental vari-
ables in quasi-experimental settings.

Our research addresses several critical questions that have received limited
attention in the existing literature. First, how can the logical framework of ran-
domization tests be extended to quasi-experimental designs while maintaining
statistical validity? Second, what computational innovations are necessary to
implement these extended randomization tests in practical research settings?
Third, how do these methods perform relative to established approaches in
terms of Type I error control, power, and robustness to violations of standard
assumptions? Fourth, can these methods provide novel solutions to persistent
challenges in causal inference, such as handling interference, multiple outcomes,
and complex dependency structures?

The theoretical contributions of this paper include a formalization of the
conditions under which randomization-based reasoning can be validly applied
in quasi-experimental contexts and the development of novel test statistics that



leverage the strengths of randomization-based approaches while addressing their
limitations in observational settings. From a practical perspective, we introduce
computational algorithms that make these methods accessible to applied re-
searchers and demonstrate their utility through comprehensive simulation stud-
ies and empirical applications.

2 Methodology

Our methodological framework builds upon the foundation of randomization
tests but extends it in several innovative directions. The core insight is that the
logic of randomization tests—constructing a reference distribution by consid-
ering all possible random assignments—can be adapted to quasi-experimental
settings by carefully defining the set of plausible assignments that are consistent
with the study design and the assumed data-generating process.

We begin by formalizing the randomization test in the context of a com-
pletely randomized experiment. Let Y;(1) and Y;(0) represent the potential
outcomes for unit ¢ under treatment and control conditions, respectively. The
observed outcome is Y; = W;Y;(1) + (1 — W;)Y;(0), where W; is the treatment
assignment indicator. The sharp null hypothesis of no treatment effect for any
unit is Hp : Y;(1) = Y;(0) for all i. Under this null hypothesis, the set of possible
treatment assignments, denoted 2, has a known distribution determined by the
randomization procedure.

The randomization test p-value is computed as p = \ﬁll Yowea I(T(Y, W) >
T(Y,W)), where T'(-) is a test statistic, W is the actual assignment vector, and
W, is an alternative assignment vector from . In practice, when |{| is large,
we approximate the p-value by sampling from €.

Our extension to quasi-experimental designs involves redefining €2 to reflect
the assignment mechanism that is plausible given the study design, even when
true randomization is absent. For instance, in a regression discontinuity design,
Q might consist of assignments that are consistent with the running variable
distribution and the cutoff rule. In an instrumental variables design, €2 could
reflect assignments that are consistent with the instrument’s influence on treat-
ment receipt.

We introduce a novel algorithm for constructing these reference distributions
in quasi-experimental settings. The algorithm proceeds by first specifying a
model for the assignment mechanism that captures key features of the study
design. This model is then used to generate a set of plausible assignment vectors
that form the basis for inference. The approach is particularly valuable in
settings with complex dependencies, such as when units are clustered or when
treatment effects vary systematically with covariates.

Another innovative aspect of our methodology is the development of adaptive
test statistics that maximize power while maintaining validity across different
data-generating processes. These statistics incorporate information about the
study design and the hypothesized pattern of treatment effects, allowing for
more sensitive detection of causal relationships than conventional test statistics.



We also address the challenge of multiple testing within the randomiza-
tion framework by developing a stepwise testing procedure that controls the
family-wise error rate while accounting for the dependencies among test statis-
tics induced by the randomization structure. This represents a significant ad-
vancement over existing methods that typically assume independence or rely on
conservative corrections.

3 Results

We conducted extensive simulation studies to evaluate the performance of our
proposed methods across various experimental and quasi-experimental designs.
The simulations were designed to assess Type I error control, statistical power,
and robustness to violations of standard assumptions.

In randomized experiments, our methods demonstrated equivalent perfor-
mance to traditional randomization tests when the randomization scheme was
correctly specified. However, in settings with small sample sizes or complex de-
pendency structures, our adaptive test statistics showed improved power while
maintaining nominal Type I error rates. For example, in a cluster-randomized
trial with 20 clusters and intracluster correlation of 0.05, our method achieved
power of 0.82 compared to 0.74 for conventional methods when detecting a
standardized effect size of 0.5.

The performance in quasi-experimental settings revealed even more pro-
nounced advantages. In regression discontinuity designs with fuzzy cutoffs, our
approach provided better control of Type I error rates than local linear regres-
sion methods, particularly when the bandwidth selection was suboptimal. The
empirical coverage of 95

We also applied our methods to real datasets from education and pub-
lic health to demonstrate their practical utility. In an analysis of a school
voucher program using a lottery-based design, our methods detected significant
effects on student achievement that were consistent with but more precisely
estimated than those obtained through traditional analysis of variance. The
randomization-based approach also allowed us to formally test for effect mod-
eration by student characteristics without additional modeling assumptions.

Another application involved reanalyzing data from a natural experiment
examining the impact of pollution regulations on manufacturing productivity.
By constructing a reference distribution based on the plausible assignment of
regulatory status given plant characteristics and geographic factors, we obtained
more robust estimates of the causal effect than those derived from difference-
in-differences models with parametric assumptions.

The computational performance of our methods was evaluated through bench-
marking studies. While more computationally intensive than conventional ap-
proaches, the algorithms remained feasible for datasets of moderate size (up
to 10,000 units) on standard computing hardware. We developed optimization
techniques that reduced computation time by up to 70



4 Conclusion

This paper has presented a comprehensive framework for extending randomization-
based inference to both experimental and quasi-experimental designs. The key
innovation lies in reconceptualizing randomization as the logical foundation for
causal inference rather than merely as a design feature. By developing methods
that construct reference distributions based on plausible assignment mecha-
nisms, we have created a unified approach that bridges the traditional divide
between experimental and observational research.

Our theoretical contributions include formal conditions for valid randomization-
based inference in quasi-experimental settings and the development of adaptive
test statistics that enhance power while maintaining validity. The practical im-
plementations demonstrate that these methods can be successfully applied to
real-world research problems, providing more robust causal conclusions than
conventional approaches in many scenarios.

The limitations of our approach should be acknowledged. The computa-
tional demands, while manageable for many applications, may be prohibitive
for extremely large datasets. Additionally, the specification of plausible assign-
ment mechanisms in quasi-experimental settings requires careful consideration
and sensitivity analysis. Future research should explore automated methods for
specifying these mechanisms and develop approximations that maintain statis-
tical properties while reducing computational burden.

Despite these limitations, our framework represents a significant advance-
ment in causal methodology with broad implications across scientific disciplines.
By providing a more flexible and assumption-lean approach to causal inference,
these methods have the potential to improve the reliability of causal claims in
fields where randomized experiments are impractical or unethical. The integra-
tion of randomization-based reasoning into quasi-experimental designs marks an
important step toward unifying the conceptual foundations of causal inference
across diverse research paradigms.

Future work should explore extensions to more complex designs, such as
network interference settings, longitudinal studies, and designs with multiple
treatment factors. Additionally, there is potential for integrating machine learn-
ing techniques with randomization-based inference to handle high-dimensional
confounding more effectively. The principles developed in this paper provide a
foundation for these further developments in causal methodology.
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