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Randomized experiments are considered the gold standard for estimating causal

effects. However, out of the set of possible randomized assignments, some may

be more likely to produce poor effect estimates and misleading conclusions.

Restricted randomization is an experimental design strategy that filters out

undesirable treatment assignments, but its application has primarily been lim-

ited to ensuring covariate balance in two-arm studies where the target estimand

is the average treatment effect. Other experimental settings with different design

desiderata and target effect estimands could also stand to benefit from a

restricted randomization approach. We introduce inspection-guided randomiza-

tion (IGR), a transparent and flexible framework for restricted randomization

that filters out undesirable treatment assignments by inspecting assignments

against analyst-specified, domain-informed design desiderata. In IGR, the

acceptable treatment assignments are locked in ex ante and preregistered in the

trial protocol, thus safeguarding against p-hacking and promoting reproducibil-

ity. Through illustrative simulation studies motivated by behavioral health and

education interventions, we demonstrate how IGR can improve effect estimates

compared to benchmark designs in experiments involving interference and

group formation.

Keyword: Experimental design, restricted randomization, interference, context-dependence

1. Introduction

Randomized experiments are considered the gold standard for estimating

causal effects of interventions. By randomizing the treatment, the distribution of
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baseline covariates is similar in expectation across treatment arms, and observed

differences in the outcome can be attributed to the intervention. However, ran-

domization alone does not guarantee covariate balance for every realized alloca-

tion of treatments (Fisher, 1935; Rubin, 2008). Suppose the treatment allocation

chosen for an experiment, by chance, exhibits imbalance on covariates. At best,

the analyst makes careful ex post adjustments for imbalance, usually according

to a regression model that relies on assumptions that may or may not hold

(Freedman, 2008). At worst, covariate imbalance is overlooked or handled

improperly (e.g., in an attempt to p-hack), leading to unreliable conclusions

about treatment effects (e.g., false positives). Restricted randomization helps

prevent imbalanced treatment allocations. In restricted randomization, the

assignment mechanism is modified such that the probability of choosing an

undesirable allocation is set to zero. While performing restricted randomization

is rather common, it is primarily applied to the canonical use case of balancing

two-arm trials, where the target effect estimand is the average treatment effect.

Experimental settings with different design desiderata and estimands could

also stand to benefit from a restricted randomization design. A natural extension

of balancing a two-arm trial is to balance a multi-arm trial, where the goal is to

simultaneously estimate treatment effects for multiple interventions.

Additionally, in experiments where we want to explore treatment effect modera-

tors (VanderWeele, 2015), we may want to construct treatment arms with inten-

tional ‘‘imbalance’’ on a hypothesized moderating covariate, while maintaining

balance on other covariates. We may also be interested in controlling factors

beyond balance that could jeopardize the credibility of effect estimates. Causal

inference in the presence of interference (Cox, 1958; Rosenbaum, 2007), when

one individual’s treatment affects a different individual’s outcome, has been an

area of growing interest (Aronow & Samii, 2017; Athey et al., 2018; Eckles

et al., 2017; Hudgens & Halloran, 2008). For many target effect estimands,

interference should be minimized to obtain unbiased effect estimates. Here, if

we have some a priori knowledge of how interference is likely to occur, we can

use restricted randomization to rule out allocations likely to generate large

amounts of interference.

More broadly, the core task in experimental design is to set up the study such

that it generates a trustworthy answer to the study’s motivating causal question.

We introduce inspection-guided randomization (IGR), a flexible and transparent

framework for restricted randomization in which the study analyst inspects the

desirability of candidate randomization allocations, then constrains the candidate

space to produce less biased and more precise estimates of the target estimand.

The flexibility in IGR exists along two fronts. First, IGR permits targeting

diverse design desiderata beyond those related to balance, thus expanding the

scope of use cases for restricted randomization. Second, IGR incorporates a

checkpoint that encourages the study analyst to carefully evaluate and
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potentially adapt the construction of the restricted assignment mechanism. IGR

promotes transparency by enforcing that the set of acceptable treatment alloca-

tions be preregistered in the trial protocol prior to running the study.

This work is organized as follows. In Section 2, we review prior work on

restricted randomization and experimental design, then highlight the contribu-

tions we make through IGR. In Section 3, we introduce notation and an over-

view of the IGR framework. In Section 4, we walk through each step of IGR in

detail and use a simulation to illustrate how it can be applied to the design of an

experiment with interference. In Sections 5 and 6, we discuss the analysis and

inference for IGR-designed experiments and show how IGR can improve effect

estimates. We conclude in Section 7 with a summary of the benefits of using

IGR and directions for future work.

2. Related Work

Blocking and Matching. Blocking is a form of restricted randomization that

rules out allocations that are imbalanced on one or more blocked covariates and

has been used widely in the design of experiments (Box et al., 2005; Fisher,

1992). Matched pair designs use matching algorithms to pair experimental units

on the basis of a metric of covariate similarity, thus facilitating balance on mul-

tiple categorical and continuous covariates at once (Greevy et al., 2004; Imai

et al., 2009; Xu & Kalbfleisch, 2010). More recently, efficient blocking algo-

rithms have been developed that extend matched-pairs designs and allow for

balanced blocks of flexible sizes (Higgins et al., 2016).

Tightening, Constraining, and Re-Randomizing. An alternative approach to

blocking and matching involves first generating a candidate set of allocations

according to a prespecified mechanism, then selecting one allocation from this

set as the official randomization to deploy. Tukey referred to this procedure as

‘‘tightening’’ the clinical trial (Tukey, 1993), and Moulton later formalized a

‘‘covariate-constrained randomization’’ design for cluster-randomized trials

(Moulton, 2004). There has also been work in using constrained randomization

in multi-arm settings with the use of multi-arm balance metrics (Ciolino et al.,

2019; Watson et al., 2021; Zhou et al., 2021). With constrained designs, infer-

ence can be done via a randomization test over the candidate allocations.

Instead of listing all possible allocations at once, re-randomization repeatedly

randomizes until producing the first allocation that meets prespecified criteria

(Cox, 2009; Morgan & Rubin, 2012; Rubin, 2008). Re-randomization has been

used beyond two-arm study designs in experiments with factorial designs

(Branson et al., 2016) and in experiments on networks where units have corre-

lated potential outcomes (Basse & Airoldi, 2018). Although re-randomization

can save computing power, it opens the door to p-hacking because the set of

criteria-meeting allocations used to conduct a randomization test is sampled
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after the study outcomes have been observed (see further discussion in

Supplemental Appendix G [available in the online version of this article] on the

risk of Type I error rate inflation when the accepted allocations in the analysis

phase are different from those in the design phase). Additionally, re-

randomization assumes that the analyst’s first choice of restriction criteria yields

a satisfactory design, when in reality, the criteria may permit allocations with

poor properties for estimation and inference.

Optimal and Model-Assisted Design. Kasy (2016) argues that if the goal of

the experiment is to minimize ‘‘disparity’’ between the estimated and true treat-

ment effect (e.g., mean squared error), one should deploy the single allocation

that optimizes the expected loss over possible data-generating processes.

Identifying an optimal allocation in this way, however, requires specifying a

prior distribution for the loss function. Model-assisted design is similarly moti-

vated, but optimizes the expected mean squared error over random data samples

from a specific data-generating process rather than for a distribution of data-

generating processes (Basse & Airoldi, 2018). Unlike with constrained randomi-

zation and re-randomization, when only a single optimal allocation is selected,

randomization inference is no longer warranted.

Reproducible Science. Results of published studies are often not reproducible

because they were generated through the use of questionable research practices

aimed at ‘‘publication-worthiness’’ rather than scientific correctness and robust-

ness (Baker, 2016; Ioannidis, 2005; Munafò et al., 2017). These practices

include p-hacking, reworking research hypotheses after the results of a study

have already been collected, and overinterpreting the data (Ioannidis, 2005;

Munafò et al., 2017). To promote reproducible and open science, there has been

a push to preregister study protocols that hold researchers accountable to a

planned study design and set of analyses (Munafò et al., 2017).

Our Contributions. IGR unifies and builds upon ideas across several works

above. Tightening, re-randomization, and covariate-constrained randomization

were developed to target balance criteria only, and subsequent literature that

applies or expands these randomization strategies also only considers balance

(see Supplemental Appendix Table A.1 in the online version of the journal).

While IGR resembles covariate-constrained randomization, we make an impor-

tant extension by recognizing that it can be beneficial to inspect allocations on

the basis of multiple properties, particularly properties other than balance. IGR

is also related to model-assisted design (Basse & Airoldi, 2018), but whereas

model-assisted design requires deriving a closed-form expression for mean

squared error, IGR can use domain-informed, approximate metrics when the

expression for mean squared error is unknown or difficult to derive.

Additionally, most prior restricted randomization strategies, for example, re-

randomization, use a naive sampling approach to select an allocation. In con-

trast, in IGR, we can efficiently ‘‘search’’ through a large candidate allocation
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space (e.g., with genetic algorithms) to enumerate a set of candidate allocations

that score well according to specified metrics. Speaking more generally, in re-

randomization, the process of searching for an allocation and the process of ran-

domizing are conflated in the act of sampling. IGR, on the other hand, separates

the enumeration step, which can be done without any randomization, from the

randomization step, and thus draws a clear distinction between searching and

randomizing. Some implementations of constrained randomization use a similar

approach to IGR (Ciolino et al., 2019; de Hoop et al., 2012; Li et al., 2016;

Moulton, 2004;Watson et al., 2021; Zhou et al., 2021), where a candidate set of

allocations is first enumerated, and the final allocation is chosen randomly from

among criterion-meeting allocations within the candidate set. However, these

implementations use a random sampling procedure to produce the initial candi-

date set; they do not highlight that enumerating the candidate set can involve a

directed search and does not necessarily need to be random. The randomness

used for inference occurs later, in the actual assignment.

In line with efforts to make studies more reproducible, IGR includes and

enforces a step where accepted allocations are preregistered. As long as the

study analyst performs randomization inference over the preregistered set of

accepted allocations, getting the nominal Type I error rate is guaranteed.

Preregistration is not explicitly present in any existing restricted randomization

framework, so study analysts are not held accountable for conducting correct

analyses. We show, for instance, that in re-randomization, we can easily inflate

the Type I error rate by using a more restrictive balance criterion in the analysis

phase than in the design phase.

Finally, IGR places emphasis on deliberately interrogating the quality of the

restricted design and making subsequent adaptations to the restriction as neces-

sary. This adaptation step is either underemphasized or absent from prior

approaches to restricted randomization. In practice, we suspect that two common

forms of adaptation will be: (a) fixing inspection metrics that do not correctly

target the design desiderata (e.g., a balance metric that does not capture the kind

of imbalance concerning to the study stakeholders) and (b) adjusting the relative

emphasis placed on different design desiderata to better navigate trade-offs (e.g.,

in trials with interference, homophily can create tension between achieving cov-

ariate balance and minimizing interference, and which of the two desiderata is

prioritized may need to be adjusted).

Several prior real-world studies have been designed with restricted randomi-

zation techniques related to IGR that included some, but not all, of the elements

of the IGR framework (Cho et al., 2021, 2022; Kizilcec et al., 2022; Murnane

et al., 2023; Zahrt et al., 2023). These studies demonstrate the need for a formal

framework like IGR that unifies design principles, and they also highlight the

potential for IGR to be applicable and useful in practice. In this work, we pres-

ent simulated vignettes of an experiment with interference and a group
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formation experiment (Section 4 and Supplemental Appendix E [available in

the online version of this article], respectively) to explain specific features of

the IGR framework and to highlight how IGR can be used for diverse experi-

mental settings, including and beyond those where related restricted randomiza-

tion techniques have been used in the past.

3. An Overview of IGR

3.1 Setup and Notation

We consider a setting with N participants in a k-armed study, where the par-

ticipants are indexed by i= 1, :::,N . Let X be the N -by-p dimensional matrix

representing the participants’ baseline covariates. For a given participant i, we

use the notation Zi to denote the participant’s treatment assignment, where

Zi 2 f0, :::, k � 1g. Let the N -dimensional vector of treatments be denoted

Z= Z1, Z2, . . . , ZNð Þ. Since treatment is assigned at random, Zi is a random

variable, and it follows that Z is a random vector. We denote a particular reali-

zation of a treatment assignment for individual i as lowercase zi and the inter-

vention assignment vector as lowercase z. The probability that random vector Z

takes on a particular value z is written P Z= zð Þ= pz, and we refer to P Zð Þ as

the assignment mechanism. We call a particular realization of the intervention

assignment vector a treatment allocation. Letting Z denote the collection of all

kN possible values of z, we have that
P

z2Z pz = 1.

3.2 Outline of the IGR Framework

For clarity and ease of use in practice, we organize the IGR design frame-

work into distinct steps. We describe each in brief below and then elaborate fur-

ther in the next section:

1. Specification. The analyst specifies the target effect estimand and the fit-

ness function used to measure the desirability of each candidate treat-

ment allocation.

2. Enumeration. The analyst enumerates a large pool of candidate alloca-

tions using a simple assignment mechanism.

3. Restriction. The analyst scores each candidate allocation with the speci-

fied fitness function and filters out those that are low scoring, according

to a restriction rule.

4. Evaluation and Adaptation. The analyst evaluates their choice of fitness

function and restriction rule, then makes adaptations if needed to better

achieve design desiderata.

5. Preregistration. The analyst preregisters the IGR assignment mechanism.
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6. Randomization. The analyst samples one allocation to deploy for the

experiment.

4. IGR in Detail, With Application to a Simulated Experiment With

Interference

In this section, we provide a full description and rationale for the steps of the

IGR framework. To make the steps more concrete, we also illustrate how to

apply them to a simulated experiment with interference. We begin this section

by describing the domain and setup for the simulated experiment, then walk

through the steps of IGR in detail, explaining how each can be applied in the

context of the simulated experiment. Note that IGR can be used in many experi-

mental settings, not just those with interference. In Supplemental Appendix E

(available in the online version of this article), for example, we also highlight

how IGR can be applied to a group formation experiment. All simulation codes

are available at https://github.com/wangmagg/inspection-guided-randomization.

4.1 Simulated Experiment with Interference

The Challenge of Interference. Interference occurs when the treatment

assigned to one observational unit affects the outcome of a different unit.

Interference is often present with behavioral interventions, where information

can diffuse or spill over along social ties (Cai et al., 2015; Kim et al., 2015;

Valente, 2012). When interference is present, a common target treatment effect

estimand is the global average treatment effect, that is, a comparison of the

average outcome if everyone were to receive treatment versus if everyone were

to receive control (Hudgens & Halloran, 2008). Failing to properly account for

interference can make estimates of the global average treatment effect both

biased and imprecise (Eckles et al., 2017). This, in turn, can result in misleading

conclusions (e.g., false nulls) and misinformed recommendations for policy-

making (e.g., failure to implement an effective intervention).

A common approach to controlling interference is to use cluster randomiza-

tion, where randomization is done on the cluster level such that all individuals in

the same cluster receive the same treatment (Hayes & Moulton, 2017). Given

enough separation between clusters, there is likely no spillover between different

treatment arms, and comparing treated to control clusters can yield an unbiased

estimate of the global average treatment effect. However, it may sometimes be

difficult to identify clusters that are sufficiently separated to avoid any inter-

cluster interference. In other cases, it may be possible to identify a few large

clusters that are well separated, such as villages that are far apart geographically.

However, randomizing only a few clusters leads to low power, especially if there

is strong intra-cluster correlation on prognostic covariates. Often, for clusters
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that form organically, individuals within a cluster are more similar to each other

than those in different clusters, so intra-cluster correlation is expected.

Within the IGR design framework, we can be more flexible in how we con-

trol interference. Leveraging prior knowledge, which may not necessarily be

complete or fully correct, we can use an interference-targeting constraint to con-

trol the amount of anticipated interference more precisely than with cluster ran-

domization. Even if we do not have perfect knowledge of the interference

structure (e.g., which individuals interact to produce spillover), we can still

develop ‘‘coarse’’ metrics that measure interference.

Simulation Set-Up. Our simulated experiment with interference is based on a

trial of a sexual assault prevention intervention for adolescent girls conducted

across schools in urban settlements in Kenya. During the intervention, the girls

learned and practiced verbal and physical skills for resisting sexual assault

(Baiocchi et al., 2017; Sarnquist et al., 2024).

An option for the design of this trial was to randomize the intervention at the

settlement level, which would have strongly mitigated interference. However,

the settlements were known to have a wide range of baseline rates of sexual

assault, meaning randomizing on the settlement level would have made it diffi-

cult to achieve balance. Hence, the trial was instead randomized at the school

level, and because the settlements were densely populated, it is likely that girls

attending different schools interacted with one another. The skills learned by

girls assigned to receive the intervention may have been passed on to girls

assigned to the control arm, resulting in interference.

In our simulation, we generate synthetic schools in five Kenyan settlements:

Kibera, Mukuru, Huruma, Korogocho, and Dandora. Baseline covariates are

sampled using a nested hierarchical model, such that individuals attending the

same schools are more similar than individuals attending different schools, and

individuals within the same settlement are more similar than individuals across

different settlements. We use a statistical network model to generate the inter-

ference network, where the probability that two individuals are connected by an

edge is inversely proportional to the gth power of the Euclidean distance

between the schools. To generate the observed outcome, we apply an additive

treatment effect and assume that an individual is exposed to treatment if they

directly receive treatment or if a certain fraction of their network neighbors

receive treatment. Further details on the data-generating process and the para-

meter settings used in the simulations can be found in Supplemental Appendix

C (available in the online version of this article).

4.2 Step-by-Step Application of IGR

We now go through the IGR step-by-step in detail. After describing each

step, we show how it can be applied to designing the simulated experiment.
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4.2.1 Specification. In the Specification step, the study analyst first works with

the domain experts on the research team to specify the goals of the study in

terms of the causal question of interest and the target effect estimand. Based on

these goals, the team compiles desiderata for the study such that if the deployed

randomization allocation were guaranteed to satisfy all desiderata, then the data

collected would likely be conducive to credible causal inference.

The analyst then constructs a set of inspection metrics used to assess candi-

date allocations, where each metric measures the extent to which an allocation

satisfies a particular desideratum (e.g., standardized mean difference as a metric

to measure balance). In Table 1, we list three broad categories of common

design desiderata and examples of inspection metrics that might be used within

each category.

The analyst also decides on an aggregator function that combines the sepa-

rate metric scores and summarizes an allocation’s desirability. In certain set-

tings, the desiderata may conflict, where scoring better on some desiderata

necessarily entails worse scores on others. The aggregator can be used to navi-

gate desiderata trade-offs, for instance, by incorporating a weighting scheme

that prioritizes certain desiderata over others. Let f be the fitness function that

maps an allocation z to its score by combining the outputs of each of the indi-

vidual inspection metrics via the aggregation function.

TABLE 1.

Common Desiderata Categories, Specific Examples of Desiderata Within Each Category,

and Example Inspection Metrics That Can Be Used to Measure the Extent to Which an

Allocation Satisfies a Particular Desideratum

Desideratum category Example desideratum
Example inspection

metric(s)

Estimation properties Low variance Standardized mean
difference, Mahalanobis
distance

Low bias in the presence
of network or spatial
spillover

Connectivity in a graph
network, geographic
proximity between
treated/control units

Study logistics Ease of delivering a
treatment for an
infectious disease

Travel time or distance to
reach all units assigned
to the treatment arm

Conditions for testing a
scientific theory

Placing individuals in
certain social contexts
to study the effect on
academic achievement

Compositional
characteristics of the
individuals assigned to
a given classroom (e.g.,
gender ratio)
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Finally, the analyst specifies a restriction rule, r, that constrains the space of

candidate treatment allocations on the basis of each allocation’s score, where

r f z,Xð Þð Þ= 0 means z is filtered out by setting pz to zero and r f z,Xð Þð Þ= 1

means z is deemed acceptable by setting pz to a positive value between 0 and 1.

For example, r could be a thresholding rule, where only allocations with scores

below some threshold s� are accepted.

Specification in a Simulated Experiment. We specify the target effect esti-

mand to be the global average treatment effect, tGATE =
1
N

PN
i= 1 Yi 1ð Þ � Yi 0ð Þ

where 1 is the all-ones vector (everyone is treated) and 0 is the all-zeros vector

(everyone is control). Our design goal is to assign treatments such that those in

the treatment (control) arm experience a universe as close as possible to an all-

treated (all-control) universe, while also balancing covariates across arms. Thus,

we specify two inspection metrics, one to measure interference and one to mea-

sure balance.

For interventions that spread via person-to-person interaction, the likelihood

of such spread or spillover may decrease with geographic distance between indi-

viduals. While we may not know precisely which individual(s) will interact with

which other individual(s), we can try to allocate treatments in such a way that

no two individuals assigned to treatment and control are too close to one another

geographically. Closeness can be defined, for example, in terms of where they

live, where they attend school, and where they work. This line of reasoning

motivates an inspection metric that measures the minimum distance between

any two individuals assigned to treatment and control, where a larger minimum

distance is more desirable. To remain consistent with smaller scores being bet-

ter, we use the reciprocal of the minimum distance. Formally, we define inspec-

tion metric m InvMinEuclideanDistð Þ as

m InvMinEuclideanDistð Þ= min
i, jð Þ2½N �3 ½N �, zi 6¼zj

kli � ljk2
2

� ��1

, ð1Þ

where zi, zj 2 f0, 1g are the treatment assignments for units i and j, respec-

tively, and li, lj 2 R
2 are coordinates for i and j. While we use Euclidean dis-

tance here, other distance functions can also be used. It is also possible to

expand upon a simple distance function by incorporating known information

about ease of travel, such as the presence or absence of interconnecting roads.

For balance, we use Mahalanobis distance,

m Mahalanobisð Þ z, g,Xð Þ = �X
1ð Þ � �X

0ð Þ
� �

S�1 �X
1ð Þ � �X

0ð Þ
� �T

, ð2Þ

where �X
1ð Þ

and �X
0ð Þ

are the mean covariate vectors in the treated and control

arms, respectively, and S is the sample covariance matrix. Combining the

interference and balance metrics, we define the fitness function
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f I+Mð Þ z,Xð Þ = 0:5 � m InvMinEuclideanDistð Þ z,Xð Þ+ 0:5 � m Mahalanobisð Þ � z,Xð Þ:
ð3Þ

To put the metrics on the same scale, we standardize the values across all

enumerated candidate allocations (see the Enumeration step below) before com-

bining the metrics in the fitness function.

4.2.2 Enumeration. In the Enumeration step, the analyst enumerates a pool of

unique candidate allocations, Zpool = fz1, z2, . . . zMg. For a k-armed study,

there are kN total possible allocations. When N is large, it may be necessary to

set M\\kN . The enumeration of Zpool can be done by sampling from any

choice of assignment mechanism P, including Bernoulli randomization and

complete randomization. In some cases, sampling from an assignment mechan-

ism that is already restricted, such as a block randomization, can increase the

efficiency of the enumeration step, since the mechanism inherently rules out

some of the undesirable allocations (see Supplemental Appendix E in the online

version of the journal for an example).

Since M\\kN , it is possible that many desirable, high-scoring allocations

are overlooked and not enumerated as part of Zpool. Instead of using simple enu-

meration strategies, we may instead want to efficiently search through the space

of all kN possible allocations to construct a more optimal Z �ð Þpool. One approach

to construct Z �ð Þpool is to use genetic algorithms (Mitchell, 1998). The initial Zpool

is viewed as a population of treatment allocations. These allocations ‘‘mate’’ in

pairs to produce a new generation of allocations, where novel allocations are

introduced through ‘‘mutation’’ (single entries of an allocation are changed) and

‘‘crossover’’ (segments of two parent allocations are swapped). The individuals

in this generation are scored using the specified fitness function f , and those

with the best scores survive and breed to produce the next generation. We can

repeat this process over T generations to obtain Z �ð Þpool.

Enumeration in a Simulated Experiment: We first sample candidate alloca-

tions from a complete randomization assignment mechanism that assigns an

equal number of schools to the treatment and control arms. We enumerate a

total of M = 100, 000 allocations in the initial candidate pool, which is in line

with prior work (Li et al., 2016; Nordin & Schultzberg, 2022; Watson et al.,

2021). We then apply three generations of mutations and crossover to the ini-

tially enumerated pool to search for a pool with better fitness scores.

4.2.3 Restriction. The analyst selects a restriction rule r, then applies the fitness

function and restriction rule to the enumerated pool of candidate allocations to

produce the following assignment mechanism:
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PIGR Z= zð Þ=
0 z 62 Zpool

0 z 2 Zpool, r – fð Þ z,Xð Þ= 0

pz z 2 Zpool, r – fð Þ z,Xð Þ= 1

8<
: :

We refer to allocations with a nonzero probability of being sampled as

‘‘accepted’’ allocations. At this step, the assignment mechanism PIGR is pro-

posed but not yet locked in.

Restriction in a Simulated Experiment. We use the restriction rule

r sð Þ= 0 if s ø s�, r sð Þ= 1 if s\s�, where s� is the 0:5th percentile of scores

for the enumerated candidate allocations. This restriction rule filters out all but

the top 0:5th percentile of the 100,000 enumerated allocations, resulting in

m= 500 accepted allocations.

4.2.4 Evaluation and Adaptation. Before proceeding and locking in the

restricted assignment mechanism, the study analyst and domain experts pause

to evaluate the fitness function f and restriction rule r, making adaptations and

improvements to them if necessary. Even if f and r were carefully identified in

Specification, they still may be flawed in unforeseen ways and could yield poor

study designs. We highlight three dimensions along which f and r should be

evaluated: discriminatory power, desiderata trade-offs, and over-restriction.

1. Discriminatory power: Fitness functions should provide meaningful dif-

ferentiation between candidate allocations. If the fitness function used

to score allocations produces a similar score for all candidates, then

there would be no reason to expect that using a restricted assignment

mechanism would confer any improvements in effect estimation. When

confronted with a homogeneous set of scores, the fitness function may

require redefinition, for instance, through introducing additional inspec-

tion metrics.

2. Desiderata trade-offs: When there are multiple competing design desi-

derata, it may not be immediately clear whether and how to best con-

struct the fitness function to weigh desiderata trade-offs. Visualizing the

space of all candidate allocations by plotting the score outputs of differ-

ent inspection metrics on separate axes can assist in understanding the

nature of desiderata trade-offs. Then, visualizing the space of accepted

allocations can assist in understanding whether the fitness function navi-

gates such trade-offs as desired. If necessary, the analyst can make

informed adjustments to the fitness function by modifying the aggrega-

tor function that combines the inspection metric scores.

3. Over-restriction: We consider two types of over-restriction. In the first

type of over-restriction, the combination of fitness function and restric-

tion rule may result in too few accepted allocations to obtain p-values
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with the desired level of granularity (see Section 5 for details on deriv-

ing p-values from randomization tests). When this occurs, the analyst

may need to modify the restriction rule to be less aggressive or choose

to apply a restriction rule that always selects the top m allocations. Too

few accepted allocations could also be a consequence of using an enu-

meration strategy that does not ‘‘hit’’ the correct regions of the space of

all possible allocations. This issue can be addressed by increasing the

size of the enumerated pool or by using stochastic optimization routines.

In the second type of over-restriction, the set of accepted allocations

may be too similar to one another, such that multiple units or groups of

units are assigned to the same treatment arm across most accepted allo-

cations. If we rely on an asymptotic p-value in testing the null hypoth-

esis, this kind of over-restriction can result in departures from the

nominal Type I error rate (Moulton, 2004). An exact p-value obtained

through randomization inference circumvents this issue, but highly cor-

related allocations can also lead to increased mean squared error and

reduced power, regardless of whether randomization inference is used

(Krieger et al., 2020; Nordin & Schultzberg, 2022). Relaxing the restric-

tion rule r to permit additional allocations is one way to alleviate over-

restriction issues.

Evaluation and Adaptation in a Simulated Experiment. We use visualizations

to assist in evaluating our choice of fitness function and restriction rule.

Additional toy examples and a more detailed discussion on the choice of visua-

lizations can be found in Supplemental Appendix D (available in the online ver-

sion of this article). Below, we show an example of the iterative process of

evaluation and adaptation for our simulated experiment.

Iteration 1: To assess discriminatory power, we plot a histogram of the scores

for the candidate allocations and check that the histogram has sufficient spread

(Figure 1, left). A ‘‘spiky’’ histogram, where all fitness scores are concentrated

around a few values, indicates that the fitness function has low discriminatory

power.

To examine desiderata trade-offs in the pool of candidate allocations, we plot

a two-dimensional histogram with the balance metric on the x-axis and the inter-

ference metric on the y-axis (Figure 1, middle). By looking at this heat map, we

can check whether allocations with better values on one metric tend to have

worse values on the other. To examine desiderata trade-offs within the accepted

set of candidate allocations, we create a scatterplot with the balance metric on

the x-axis and the interference metric on the y-axis. Each point in the scatterplot

corresponds to a single accepted allocation. By comparing the positions of the

accepted allocations to those of a benchmark randomization strategy, we can
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assess whether our restricted randomization scheme is navigating desiderata

trade-offs as desired.

To check for over-restriction, we plot a histogram of the approximate pair-

wise assignment correlation (Figure 1, right). Specifically, for each pair of units,

i, j, we compute the fraction of candidate allocations where i and j are assigned

to the same arm. When there is no pairwise assignment correlation, each pair i, j
should appear in the same arm in half of the candidate allocations.

Iteration 2: Based on the score histogram in Figure 1, the fitness function

appears to provide sufficient differentiation between allocations. Based on the

desiderata trade-off plots, however, we observe that the interference metric is

extremely coarse, taking on only a handful of distinct values. At the lowest

value of the interference metrics, fine-grained fitness score differentiation is dri-

ven primarily by the balance metric. This may be appropriate if we are only

interested in filtering out the most interference-prone allocations. If, on the

other hand, we want to be more selective against interference even in the low-

interference regimes, then a different interference metric is necessary.

Suppose we are able to collect more detailed information about the network

of interactions between individuals. For instance, we can ask participants to list

the friends with whom they communicate regularly and build a network based

on each participant’s list of contacts (Cai et al., 2015; Kim et al., 2015). In the

network interference literature, it is common to assume that an individual is

‘‘exposed’’ through the treatments of their neighbors in the network via a neigh-

borhood exposure model (Aronow & Samii, 2017; Manski, 2013). We therefore

propose a new interference metric that counts the fraction of control individuals

exposed to treatment through their network neighbors,

FIGURE 1. Visual checks for discriminatory power, desiderata trade-offs, and over-

restriction (via approximate pairwise assignment correlation) under fitness function

f I +Mð Þ.
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, ð4Þ

where A is an N 3 N adjacency matrix, N ið Þ is the set of nodes in the network

that are connected to i by an edge, zN ið Þ is the vector of treatment assignments

for the individuals in this neighborhood, and q is a scalar between 0 and 1 that

defines an exposure threshold. In our simulation, we set q to 0.25, so that a con-

trol individual is considered exposed if at least 25% of their neighbors are

treated. The new fitness function is

f F+Mð Þ z,Xð Þ = 0:5 � m FracExpoð Þ z,Xð Þ+ 0:5 � m Mahalanobisð Þ z,Xð Þ: ð5Þ

We recreate each of the plots from Iteration 1 (Figure 2). From the desiderata

trade-off plots, we see that, as desired, the new interference metric based on net-

work exposure is more granular than the metric based on distance. We also see

that the new overall fitness function has adequate discriminatory power and has

similar approximate pairwise assignment correlation to complete randomization.

Iteration 3: We decide to use the interference metric based on network expo-

sure. In previous iterations, the interference and balance metrics were weighted

equally. Now, we examine an alternative weighting scheme where more weight

is applied to the interference metric. We therefore propose the fitness function,

f F+Mð Þ z,Xð Þ = 0:75 � m FracExpoð Þ z,Xð Þ+ 0:25 � m Mahalanobisð Þ z,Xð Þ: ð6Þ

Again, we construct plots to check discriminatory power, desiderata trade-offs,

and over-restriction (Figure 3). From the desiderata trade-offs scatterplot, we see

that a fitness function that upweights the interference metric accepts allocations

with fewer exposed control units, at the cost of increased covariate imbalance.

The pairwise assignment correlation remains similar to complete randomization.

FIGURE 2. Visual checks for discriminatory power, desiderata trade-offs, and over-

restriction (via approximate pairwise assignment correlation) under fitness function

f F +Mð Þ.
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Final decision: Ultimately, we proceed with the fitness function from

Iteration 3 and the restriction rule used across iterations. We choose to prioritize

mitigating interference over maximizing balance for two reasons. First, interfer-

ence is typically very difficult, or even impossible, to measure and therefore

hard to correct for during the analysis phase. Imbalance, on the other hand, can

be addressed with standard covariate adjustment methods. Second, for the sex-

ual assault prevention intervention in our simulated experiment, we particularly

want to avoid false null findings because this can keep an intervention that

helps protect girls’ safety and well-being from being more widely implemented.

Because interference often causes bias toward the null, we aim to prevent inter-

ference as much as possible. More generally, when deciding on a fitness func-

tion and restriction rule, study analysts may want to make methodological

considerations, for example, whether statistical corrections can be made during

the analysis phase, and policy considerations, for example, the consequences of

a false negative or false positive finding.

4.2.5 Preregistration. When the research team is satisfied with the choice of fit-

ness function and restriction rule, they lock in the assignment mechanism PIGR.

They then preregister the accepted allocations z j in Zpool that have pzj
.0 and

their associated probabilities pz. To guarantee valid statistical inference, we only

need to preregister these accepted allocations and probabilities. However, it can

also be helpful to preregister the fitness function f and the restriction rule r as

an informative reference for the design of future trials.

Preregistration for a Simulated Experiment. We preregister the set of 500

accepted allocations, each with equal probability 1
500

of being drawn.

Additionally, we preregister the fitness function f F+Mð Þ and threshold restriction

rule r.

FIGURE 3. Visual checks for discriminatory power, desiderata trade-offs, and over-

restriction (via approximate pairwise assignment correlation) under fitness function

f F +Mð Þ with an upweighted interference metric.
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4.2.6 Randomization. Finally, the observed allocation zobs;PIGR is drawn and

deployed.

Randomization in a Simulated Experiment. We sample one of the 500

accepted allocations uniformly at random.

5. Analyzing IGR-Designed Experiments

In this section, we examine the bias properties of a difference-in-means esti-

mate applied to an IGR-designed experiment. We first discuss bias under the

usual no-interference assumption and then expand the discussion to settings

where interference is present.

5.1 IGR Bias Properties

5.1.1 Unbiasedness Through the Mirror Property. We show that IGR produces

an unbiased difference-in-means estimate of the sample average treatment effect

if there is no interference, the IGR assignment mechanism satisfies the mirror

property, and in every accepted allocation, the number of treated and control

individuals are equal. For a binary intervention, the mirror property is satisfied

if P Zi = 0ð Þ=P Zi = 1ð Þ for all i= 1, . . . ,N . Suppose we enumerated all pos-

sible allocations in the Enumeration step. If we specify fitness function f and

restriction rule r to be symmetric, such that r – fð Þ X, zð Þ)= r – fð Þ X, 1� zð Þ),
the mirror property will be satisfied by PIGR. However, because we may not be

able to enumerate all possible allocations, satisfaction of the mirror property is

not guaranteed. Instead, we can update PIGR by ensuring that, for every alloca-

tion that is accepted, its mirror allocation is also accepted. Let
~Zpool = f1� z j z 2 Zpoolg denote the set of mirror allocations for each alloca-

tion in Zpool. The assignment mechanism ~PIGR satisfies the mirror property,

where

~PIGR Z= zð Þ=
0 z 62 Zpool [ ~Zpool

0 z 2 Zpool [ ~Zpool, r – fð Þ X, zð Þ= 0

pz z 2 Zpool [ ~Zpool, r – fð Þ X, zð Þ= 1
:

8<
:

Proposition 1. Assume that there is no interference and that the consistency

property holds, so Yi =Yi 1ð ÞZi +Yi 0ð Þ 1� Zið Þ: If the assignment mechan-

ism ~PIGR satisfies the mirror property and assigns an equal number of individ-

uals to treatment and control in every allocation, then the difference-in-means

estimate for the sample average treatment effect is unbiased.

Proof. See Supplemental Appendix F.1 (available in the online version of

this article). h
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5.1.2 Bias in the Presence of Interference. In an experiment with interference

where the target estimand is the global average treatment effect, a design that

satisfies the mirror property does not necessarily give an unbiased difference-

in-means estimate because the interference itself introduces bias. To reduce

interference bias, we may need to use a design that violates the mirror property.

When the mirror property is violated, however, the individual’s treatment

assignment and potential outcome may no longer be independent, resulting in

possible bias from confounding. It may nevertheless be beneficial to break the

mirror property so long as doing so produces a sufficient reduction in interfer-

ence bias.

In IGR, violation of the mirror property occurs when we choose an asym-

metric fitness function and restriction rule pair to restrict the design. To under-

stand why an asymmetric restriction can help to prevent interference, we

consider a toy example. Suppose a subset of three or more individuals in the

study is connected by a star-shaped network, such that there is a single central

individual who is connected to every outer individual, and all outer individuals

are only connected to this central individual. Suppose further that, for a unit

assigned to the control level, exposure to treatment occurs if at least two neigh-

bors are treated. Then, in the allocation where the center individual is treated

and the outer individuals are control, none of the control individuals are

exposed. Conversely, in the mirror allocation where the center individual is con-

trol and the outer individuals are treated, the center control individual becomes

exposed. The fitness function and restriction rule could be specified so that, to

rule out high-interference allocations, the latter allocation is rejected while the

former is accepted. In Supplemental Appendix F.2 (available in the online ver-

sion of this article), we derive conditions under which asymmetric restriction in

IGR improves overall bias for a linear outcomes model with an additive direct

effect and an additive neighborhood exposure spillover effect.

Note that, even if the fitness function and restriction rule are asymmetric, we

can force the IGR assignment mechanism to satisfy the mirror property by

incorporating all mirror allocations as ‘‘accepted’’ allocations, regardless of

whether they actually satisfy the criteria for acceptance. The analyst may con-

sider enforcing the mirror property if the difference between the scores f X, zð Þ,
and f X, 1� zð Þ is small for the zs in the candidate pool of allocations. We

empirically investigate the implications of including and excluding mirror allo-

cations in Section 6.

5.2 Randomization Inference for IGR-Designed Experiments

We take a design-based approach to inference, meaning we view the potential

outcomes as fixed conditional on the study sample, so that the only randomness

in the study arises through the randomness in the treatment assignment
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mechanism. In IGR specifically, randomness comes from the Randomization

step, where the observed allocation is sampled from the restricted assignment

mechanism, PIGR. Randomization then forms the basis for inference, and we

can perform a Fisher randomization test to evaluate null hypotheses.

Specifically, we compute the value of the test statistic under the null hypothesis

for different possible assignment vectors. With IGR, the empirical null distribu-

tion for the test statistic is derived over the set of accepted assignment vectors zj

in Zpool that have pzj
.0. We compare the observed value of the test statistic for

zobs to the empirically derived null distribution of the test statistic to obtain a p-

value.

6. How IGR Improves Effect Estimates

Using IGR to design an experiment can lead to less biased, more precise

effect estimates. We demonstrate these benefits with results from our simulated

experiment (refer to Section 4.1 for a description of the simulation). In the

Evaluation and Adaptation step in Section 4.2, we chose the fitness function,

f F+Mð Þ z,Xð Þ= 0:75 � m FracExpoð Þ z,Xð Þ+ 0:25 � m Mahalanobisð Þ z,Xð Þ, to apply

to the design of the simulated experiment. Because the interference metric

m FracExpoð Þ is asymmetric, the resulting restricted assignment mechanism does

not generally satisfy the mirror property unless we incorporate all mirror alloca-

tions, including those not accepted by the restriction rule (refer to Section 5.1

for a discussion on the mirror property and estimation bias). To understand the

implications of satisfying versus violating the mirror property, we examine

effect estimates both with and without the inclusion of mirror allocations. We

additionally assess how the estimation properties change when we apply differ-

ent weights to the interference and balance metrics in the fitness function;

below, we refer to the weight applied to the interference metric, m FracExpoð Þ, as

wInterference. We also show how, when the interference metric is upweighted in

the design phase, the incurred covariate imbalance can be corrected for in the

analysis phase through covariate adjustment. Results are reported based on five

repeatedly drawn samples of the covariate and outcome data.

When mirrors are included and wInterference = 0:75, IGR reduces the absolute

bias of the difference-in-means estimate (88:31%6 0:56% of the absolute bias

of an unrestricted design; Figure 4). As the magnitude of the weight applied to

the interference metric increases, we observe more bias reduction

(86:18%6 0:37% of the absolute bias of an unrestricted design when

wInterference = 1). At small values of wInterference, IGR decreases the variance of

the difference-in-means estimate (e.g., variance at wInterference = 0:125 is

0:003 6 0:0007 compared to 0:61 6 0:10 for an unrestricted design). Increasing

wInterference leads to variance inflation (e.g., variance at wInterference = 0:875 is

1:01 6 0:28). When wInterference = 0:75, leaving mirrors out leads to a large
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reduction in absolute bias for some data samples (e.g., 26:67% of the absolute

bias of the unrestricted design) and no reduction for others (e.g., 103:89% of

the absolute bias of the unrestricted design). This suggests that, in our example,

including mirror allocations helps to make the estimation bias less dependent on

the particular sample of individuals in the study.

Instead of a difference-in-means estimator, we can also fit a linear regression

model that adjusts for observed baseline covariates. As mentioned in the

Evaluation and Adaptation step in Section 4.2, using this estimator can be help-

ful when we choose to upweight the interference metric and downweight the

balance metric in the design phase. As expected, the regression estimator sub-

stantially reduces variance compared to the difference-in-means estimator, par-

ticularly when wInterference is large (Figure 5). When mirror allocations are

excluded, the bias in the regression estimate is more stable across data samples

compared to the difference-in-means estimate. On the other hand, when mirror

allocations are included, the regression estimate generally provides less bias

reduction than the difference-in-means estimate (93:36%6 0:67% of the abso-

lute bias of an unrestricted design at wInterference = 0:75).

From the above, we reason that, when using a difference-in-means estimator,

it is beneficial to include mirror allocations and not to overweight the interfer-

ence metric, for example, above 0.5. If using the regression estimator, however,

mirror allocations can be excluded, and a larger wInterference can be applied with-

out needing to worry about the variance of the estimator. We note, however, that

a difference-in-means estimator is generally less amenable to p-hacking, which

is one factor to consider when choosing between these two estimators.

7. Discussion

We introduced IGR as a flexible framework for performing restricted rando-

mization with diverse design desiderata and used illustrative examples to show-

case its usefulness in different experimental settings. IGR is distinct from prior

restricted randomization frameworks along several fronts. It allows for multiple

design desiderata, including and beyond balance, thus expanding the use cases

for restricted randomization; we showed this with an example of an experiment

with interference in Section 4 and a group formation experiment in

Supplemental Appendix E (available in the online version of this article). IGR

also separates the process of enumerating candidate allocations—which can be

done with an efficient, directed search—from the act of randomization; we

explicitly make enumeration and randomization separate steps in the IGR

framework. In addition, IGR has a built-in iterative loop for evaluating and

adapting the restricted assignment mechanism; we show this in action in

Section 4.2, using the visual tools described in Supplemental Appendix D

(available in the online version of this article). Lastly, IGR enforces
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preregistration of the accepted allocations, thus promoting transparency and

reproducibility; in Supplemental Appendix G (available in the online version of

this article), we show that, without preregistration, it is easy to inflate the Type

I error rate above the nominal level.

The core motivation for IGR, as for any restricted randomization, is to pre-

vent the possibility of choosing a bad randomization allocation that leads to an

effect estimate that deviates dramatically from the true value of the estimand.

For obviously bad allocations, there is little reason not to discard them; this has

been well understood since the early days of the experimental design literature.

In a conversation between Cochran and Fisher (recounted by Rubin and

FIGURE 4. Bias, variance, and rejection rate of the difference-in-means estimator in an

IGR design versus an unrestricted CR design when mirror allocations are excluded (top)

and when mirror allocations are included (bottom). Bias is plotted as a percentage

relative to the bias of a CR design.
Note. CR = complete randomization; IGR = inspection-guided randomization.
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Cochran), Fisher is reported to have said that, confronted with a randomized

allocation that ‘‘exhibited substantial imbalance on a prognostically important

baseline covariate,’’ he would ‘‘of course’’ re-randomize if the experiment had

not started yet (Rubin, 2008).

Historically, the focus of restricted randomization has been on achieving

covariate balance in two-arm experiments that compare a single treatment inter-

vention to a control or status quo. However, some interventions, often beha-

vioral ones, need to be evaluated through more complicated restricted designs.

Researchers across several disciplines, including medicine, education, psychol-

ogy, and computer science, have recognized this need and independently

FIGURE 5. Bias, variance, and rejection rate of the linear regression estimator in an

IGR design versus an unrestricted CR design when mirror allocations are excluded (top)

and when mirror allocations are included (bottom). Bias is plotted as a percentage

relative to the bias of a CR design.
Note. CR = complete randomization; IGR = inspection-guided randomization.
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applied principles of the IGR framework to experiment design, albeit without

the formal structure of IGR (Cho et al., 2021, 2022; Kizilcec et al., 2022;

Murnane et al., 2023; Zahrt et al., 2023). Cho et al. (2021, 2022) for example,

used a form of restricted randomization to achieve balance on prognostic cov-

ariates in trials with more than two arms. These existing real-life applications

suggest that IGR is conceptually straightforward and intuitive, and they also

point to how an explicit IGR framework can help to bring consistency to exist-

ing efforts to expand the scope of restricted randomization.

In this work, we showed how the IGR framework can be used to design

experiments in two settings where existing restricted randomization frameworks

are not immediately applicable. In our first example, we applied IGR to the

design of experiments with interference. Experimental designs that seek to miti-

gate interference often do so through a form of cluster randomization, either

over naturally existent clusters or over algorithmically detected ones (Ugander

& Yin, 2023; Ugander et al., 2013). Without IGR, the study analyst chooses

between randomizing at the more aggregated level to limit interference, thus

sacrificing power and covariate balance, or randomizing at a more granular

level to increase efficiency, thus permitting more interference bias. With IGR,

the analyst can construct fitness functions that combine both interference and

balance metrics, thus reducing interference bias while maintaining efficiency.

IGR can also be used even if we have limited knowledge of the interference

structure and need to rely on an approximate measure of interference. While we

explored a specific setting where interference occurred via neighborhood expo-

sure in a network of interactions, IGR can easily be applied to other interference

structures by modifying the inspection metric used to measure the extent of

anticipated interference.

In Supplemental Appendix E (available in the online version of this article),

we further show how IGR can be applied to the design of group formation

experiments, where effect sizes may exhibit dependence on group composition.

Recent work has highlighted that peer context should be taken into consider-

ation as a driver of treatment effect heterogeneity for behavioral and psycholo-

gical interventions (Carroll et al., 2017; Grover et al., 2023; Kizilcec & Cohen,

2017; Kizilcec et al., 2020; Walton & Yeager, 2020; Yeager et al., 2019).

Understanding how an intervention depends on peer context has important

implications for understanding causal mechanisms, devising policies that target

certain contexts, and designing concurrent interventions that can be used to

manipulate contexts.

We call out the Evaluation and Adaptation step of IGR as an especially criti-

cal component of the framework. In some sense, the inclusion of the Evaluation

and Adaptation step is a recognition that the study analyst is not all-knowing

and hence may not select a good fitness function and restriction rule in their first

attempt. In this work, we highlighted three issues to consider in Evaluation and
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Adaptation: desiderata trade-offs, discriminatory power, and over-restriction.

We introduced visual tools to help with assessing each of these issues (described

in detail in Supplemental Appendix D [available in the online version of this

article] and applied in Section 4.2). For example, in our simulated experiment,

the analyst may initially choose to assign equal weight to the interference and

balance metrics (Figure 2). After considering the risk of a false null, however,

the analyst may choose to modify the weighting scheme to instead upweight the

interference metric. These iterative refinements push the design toward one that

is better and more likely to yield credible inference. As mentioned in Related

Works (Section 2), an emphasis on detecting and correcting flawed restricted

assignment mechanisms is missing from standard restricted randomization fra-

meworks such as re-randomization.

Fundamentally, IGR compels the study analyst to invest time and care in the

design phase of the experiment. The Specification and Evaluation and

Adaptation steps in particular require considerable thoughtfulness, from specify-

ing the study’s design desiderata, to developing the inspection metrics used to

measure desiderata satisfaction, to constructing and evaluating the fitness func-

tion and restriction rule that characterize the restricted assignment mechanism.

Attentiveness to design can produce large payoffs in the bias and precision of

effect estimates. While using a tailored estimator in the analysis phase can

sometimes produce similar payoffs, focusing efforts on the design phase has

additional merits. For one, even the most clever estimators may not be able to

salvage a study that was performed under an extremely poor choice of randomi-

zation allocation. In addition, as previously mentioned, the Preregistration step

precludes statistical hacking, as long as the analyst is held accountable to doing

randomization inference over a preregistered space of randomization allocations

(see Supplemental Appendix G [available in the online version of this article]

for an illustration of Type I error rate inflation when the analyst is not held

accountable to a preregistered design and analysis plan).

There are several interesting directions for future work on IGR. Since the fit-

ness function in IGR is handcrafted, it may be useful to develop theory on how

similar the specified fitness function needs to be to the true conditional mean

squared error in order for IGR to produce better effect estimates than naive ran-

domization strategies. When the fitness function is not a faithful proxy, then ana-

lysts may choose to use a non-IGR design. Alternatively, analysts could choose

to improve the fitness function by using additional sources of data and domain

knowledge. If experiments consist of multiple waves or are preceded by a pilot

study, there is an opportunity to use information from the prior wave or pilot

study to refine the fitness function for the next wave or the main trial. In an

experiment with anticipated interference, for example, researchers could use a

pilot study to estimate the interference network structure within a subsample of

the study participants, then extrapolate this network to the entirety of the study
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sample. Fitness functions for new experiments could potentially also leverage

data from prior historical experiments that evaluated different but comparable

interventions in similar settings. Lastly, to make IGR as accessible as possible to

study analysts, good software for implementation will be useful; this will likely

include a dashboard interface that allows users to easily perform each of the

steps of IGR, including interacting with visualizations.
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René F. Kizilcec https://orcid.org/0000-0001-6283-5546

References

Aronow, P. M., & Samii, C. (2017). Estimating average causal effects under general

interference, with application to a social network experiment. Annals of Applied Sta-

tistics, 11(4), 1912–1947.

Athey, S., Eckles, D., & Imbens, G. W. (2018). Exact p-values for network interference.

Journal of the American Statistical Association, 113(521), 230–240.

Baiocchi, M., Omondi, B., Langat, N., Boothroyd, D. B., Sinclair, J., Pavia, L., Mulinge,

M., Githua, O., Golden, N. H., & Sarnquist, C. (2017). A behavior-based intervention

that prevents sexual assault: The results of a Matched-Pairs, Cluster-Randomized

study in Nairobi, Kenya. Prevention Science, 18(7), 818–827.

Baker, M. (2016). 1,500 scientists lift the lid on reproducibility. Nature, 533, 452–454.

Basse, G. W., & Airoldi, E. M. (2018). Model-assisted design of experiments in the pres-

ence of network-correlated outcomes. Biometrika, 105(4), 849–858.

Basse, G. W., Ding, P., Feller, A., & Toulis, P. (2024). Randomization tests for peer

effects in group formation experiments. Econometrica, 92(2), 567–590.

Box, G. E. P., Stuart Hunter, J., & Hunter, W. G. (2005). Statistics for experimenters:

Design, innovation, and discovery. Wiley.

Wang et al.

691

https://orcid.org/0000-0002-1102-0969
https://orcid.org/0000-0001-6283-5546


Branson, Z., Dasgupta, T., & Rubin, D. B. (2016). Improving covariate balance in 2K fac-

torial designs via rerandomization with an application to a New York City Department

of Education high school study. Annals of Applied Statistics, 10(4), 1958–1976.

Cai, J., De Janvry, A., & Sadoulet, E. (2015). Social networks and the decision to insure.

American Economic Journal: Applied Economics, 7(2), 81–108.

Carroll, J. M., Yeager, D. S., Buontempo, J., Hecht, C., Cimpian, A., Mhatre, P., Muller,

C., & Crosnoe, R. (2023). Mindset 3 context: Schools, classrooms, and the unequal

translation of expectations into math achievement. Monographs of the Society

Research in Child Development, 88(2), 7–109.

Cho, J., Li, Y., Armstrong, A. K., Russ, A., Krasny, M. E., & Kizilcec, R. F. (2021).

Using social norms to promote actions beyond the course. In Proceedings of the eighth

ACM conference on Learning @ Scale, L@S ’21 (pp. 161–172). Association for Com-

puting Machinery.

Cho, J., Li, Y., Kudryavtsev, A., Kizilcec, R. F., & Krasny, M. (2022). Online learning

and social norms: Evidence from a cross-cultural field experiment in a course for a

cause.

Ciolino, J. D., Diebold, A., Jensen, J. K., Rouleau, G. W., Koloms, K. K., & Tandon, D.

(2019). Choosing an imbalance metric for covariate-constrained randomization in

multiple-arm cluster-randomized trials. Trials, 20(1), 293.

Cox, D. R. (1958). Planning of experiments. Wiley.

Cox, D. R. (2009). Randomization in the design of experiments. International Statistical

Review, 77(3), 415–429.

de Hoop, E., Teerenstra, S., van Gaal, B. G. I., Moerbeek, M., & Borm, G. F. (2012). The

‘‘best balance’’ allocation led to optimal balance in cluster-controlled trials. Journal of

Clinical Epidemiology, 65(2), 132–137.

Eckles, D., Karrer, B., & Ugander, J. (2017). Design and analysis of experiments in net-

works: Reducing bias from interference. Journal of Causal Inference, 5(1), 20150021.

Fisher, R. A. (1935). The design of experiments. Oliver & Boyd.

Fisher, R. A. (1992). The arrangement of field experiments. In S. Kotz & N. L. Johnson

(Eds.), Breakthroughs in statistics: Methodology and distribution (pp. 82–91).

Springer.

Freedman, D. A. (2008). On regression adjustments to experimental data. Advances in

Applied Mathematics, 40(2), 180–193.

Greevy, R., Lu, B., Silber, J. H., & Rosenbaum, P. (2004). Optimal multivariate matching

before randomization. Biostatistics, 5(2), 263–275.

Grover, S. S., Ito, T. A., & Park, B. (2017). The effects of gender composition on

women’s experience in math work groups. Journal of Personality and Social Psychol-

ogy, 112(6), 877–900.

Hayes, R. J., & Moulton, L. H. (2017). Cluster randomised trials (2nd ed.). Chapman and

Hall/CRC.
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