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Abstract
The evaluation of research depends on assessments of the quality of underlying research
designs. Such assessments are often stymied by a lack of a common understanding of what
consistitutes a design. We provide a framework for formally characterizing the analytically
relevant features of a research design. In standard applications, the approach to design declaration we describe requires defining a model (M), an inquiry (I), a data strategy (D), and
answer strategy (A). Once a design is formally declared in computer code, Monte Carlo
techniques can be used to diagnose properties such as power, bias, expected mean squared
error, external validity with respect to some population, and other “diagnosands.” Declaring
a design in this way lays researchers’ assumptions bare. Ex ante design declarations can be
used to improve designs and facilitate preregistration, analysis, and reconciliation of intended
and actual analyses. Ex post design declarations are also useful for describing, sharing, reanalyzing, and critiquing existing designs. We provide an open-source software package,
DeclareDesign, to implement the proposed approach.
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Authors and readers of empirical research routinely need to assess the properties of research
designs. In doing so, they face two challenges.
First, few tools exist for the comprehensive assessement of the properties of designs. At one
extreme, researchers resort to rudimentary power calculators with sometimes hidden assumptions or rely on rules of thumb that may not incorporate important idiosyncratic features of the
research setting. At the other extreme, some scholars conduct fully-fledged simulations requiring
advanced programming skills beyond the capabilities of many applied researchers. General-use
tools for assessing important properties of designs such as statistical power or bias are not available.
Second, surprisingly little attention has been paid to the more fundamental question of what
constitutes a design. This lack of clarity carries risks both before and after the implementation
of a study. If designs are incompletely specified ex ante, it is difficult for researchers to assess
their strengths and improve them. If designs are incompletely specified at the time of analysis,
researchers may choose inappropriate analysis procedures or worse, may only report the most
attractive model from a set of possible specifications. If designs remain unspecified after analysis,
it may be difficult for other scholars to replicate a study or to judge whether a given type of
reanalysis is justified.
In this paper we describe an approach that addresses these two problems. We first provide
a framework to describe the distinct elements of a research design. The MIDA framework asks
researchers to provide information about their background model (M), their Inquiry (I), their
data strategy (D), and their answer strategy (A).
In addition, we introduce the notion of “diagnosands,” or statistical summaries of the design such as the power of the design, the bias of the estimator, or the expected mean squared
error (MSE) of the estimates with respect to an estimand. A design is “diagnosand-complete”
in our framework when a diagnosand can be estimated from the declared features of the design. We do not have a general notion of “complete” design, but rather adopt an approach in
which the purposes of the design determine which features must be declared. Many different
designs can be defined in terms of their diagnosand-completeness: including causal inference
strategies employing observational, experimental or qualitative methods, as well as descriptive
and exploratory strategies.
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Using this framework researchers can declare1 research designs mathematically and as computer code objects and, second, diagnose the statistical properties of the design relying on this
declaration. We provide an implementation of this framework in the companion R package
DeclareDesign.
The formal characterization and diagnosis of designs before implementation can serve many
purposes. A researcher may wish to include them as part of a preanalysis plan or a funding
request. Whether or not the declaration and diagnosis serves this purpose, the process of generating them provides researchers an opportunity to learn about and improve their inferential
strategies. Even if only declared ex-post, formal declaration still has advantages; the complete
characterization can help readers understand the properties of a research project, facilitate replication, and contribute to re-analysis decisions.
Authors can assess the properties of diagnosand-complete research designs in order to improve designs before implementation. Readers and replication authors can diagnose designs
before or after implementation in order to select and critique studies based on their designs
rather than their results. In general, we do not provide specific guidance on the set of diagnosands that must be calculable in order for a design to be complete “enough.” Domain-specific
standards might be agreed upon among members of research communities. A standard set might
include power, bias, root mean-squared error, and coverage. Others who concerned about the
policy impact of a given treatment might require a design that is diagnosand-complete for an
out-of-sample diagnosand, such as bias relative to the population average treatment effect.
Diagnosis can be executed analytically for simple designs or through Monte Carlo simulation
for more complex designs. We provide an algorithm for simulation that produces diagnosand
estimates as well as bootstrapped estimates of simulation uncertainty
The approach we describe is clearly more easily applied to some types of research than others.
In prospective confirmatory work, for example, researchers may have access to all design-relevant
information prior to launching their study. For exploratory work, by contrast, researchers may
simply not have enough information about possible quantities of interest to declare a design in
advance. Although in some cases the design may still be declared ex post, in others it may not
1 We emphasize that the term “declare” does not imply a public declaration or a declaration before research takes
place. A researcher may declare the features of designs in our framework for their own understanding and declaring
designs may be useful before or after the research is implemented.
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be possible to fully reconstruct the inferential procedure after the fact. For instance although researchers might be able to provide compelling grounds for their inferences, they may not be able
to describe what inferences they would have drawn had different data had been realized. Thus
variation in research strategy limits the utility of our procedure for different types of research.
Our framework makes five principal contributions: it enables the diagnosis of designs in
terms of their probative value; it assists in the improvement of research designs through comparison with alternatives; it assists learning about the properties of research designs; it enhances
research transparency by making design choices explicit; and it provides tools to assist principled
replication and reanalysis of published research.

1. Research Designs and Diagnosands
We consider a general description of a research design as the specification of a problem and a
strategy to answer it. Our framework is an elaboration of a definition of research design put
forth by King, Keohane and Verba (1994, KKV), which contains the following four components:
a theory, a research question, data, and an approach to using the data. Formalized, this framework can be used to structure a general procedure for assessing research designs’ inferential
properties, by, for example, assessing the bias or precision of results from a design given the
theory, the data collection process, the research question and inferential strategy. As the basis for
such a procedure we extend the KKV four component framework using recent advances in the
theory of causal inference. Specifically, we follow Pearl’s (2009) approach to structural modeling,
which gives a syntax for mapping design components to design outputs. We combine this causal
modelling approach with the potential outcomes framework as presented in Imbens and Rubin
(2015), which helps to clarify the inferential quantities – estimands – a research design targets.

1.1 Design elements
The specification of a problem requires a description of the world and the question to be asked
about that world. The answering requires a description of what information is used and how
conclusions are reached given the information.
At its most basic we think of a research design, ∆, as including four elements ă M, I, D, A ą:
1. A model, M, of how the world works. In general following Pearl’s definition of a prob4

abilistic causal model we will assume that a model contains three core elements. First a
specification of the variables X, about which research is being conducted. This includes
endogenous and exogenous variables (V and U respectively). In the formal literature this
is sometimes called the signature of a model (e.g., Halpern, 2000). Second, a specification
of how each endogenous variable depends on other variables (the “functional relations” or
“potential outcomes”), F. Third, a probability distribution over exogenous variables, PpUq.
2. An inquiry, I, about the distribution of variables, X, perhaps given interventions on some
variables. In many applications I might be thought of as the estimand. Using Pearl’s
notation we can distinguish between questions that ask about the conditional values of
variables, such as PrpX1 |X2 “ 1q and questions that ask about values that would arise
under interventions: PrpX1 |dopX2 “ 1qq.2 We let a M denote the answer to I provided by the
model. Under model M, answer a M is generated with probability PM paq.
3. A data strategy, D, generates data d on X. Data d arises, under model M with probability
PM pd|Dq. Note that implicitly the data strategy includes sampling PS , random assignment
of treatments PA , and measurement strategies.
4. An answer strategy, A, that generates answer a A using data d. Under model M, answer a A
is generated with probability PM pa|D, Aq.
A key feature of this bare specification is that if M, D, and A are sufficiently well described,
the answer to question I has a distribution PM pa A |Dq; moreover one can construct a distribution
of comparisons of this answer to the correct answer, under M, for example by assessing PM pa M ´
a A |Dq. One can also compare this to results under different data or analysis strategies, D1 , A1 :
1

PM pa M ´ a A |D1 q, PM pa M ´ a A |Dq and to answers generated under alternative models, as long as
1

these possess signatures that are consistent with inquiries and answer strategies, PM pa M ´ a A |Dq.
Many social scientists will be familiar with a statistical framework that distinguishes between
an estimand, an estimator, and an estimate. In our terms, an estimate is an answer a A . An
estimator is the procedure that is jointly described by the Data Strategy D and the Answer
2

The distinction lies in whether the conditional probability is recorded through passive observation or active
intervention to manipulate the probabilities of the conditioning distribution. For example, PrpX1 |X2 “ 1q might
indicate the conditional probability that it is raining, given that Jack has his umbrella, whereas PrpX1 |dopX2 “ 1qq
would indicate the probability with which it would rain, given Jack is made to carry an umbrella.
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Strategy A. An estimand is the answer a M that the Inquiry I produces from Model M. The
overlapping and imperfect mapping of the estimand-estimator-estimate framework to the MIDA
framework highlights the special utility of MIDA: the distribution of an estimator is a product
of both how the data are collected and how they are analyzed; an estimand is a summary of a
theoretical model that may or may not be correct.
M and D capture the the analysis-relevant features of a design; they do not describe substantive elements, such as how interventions are implemented or how outcomes are measured.
Yet many other aspects of a design that are not explicitly labeled in these features nevertheless
enter into this framework if they are analytically relevant. For example, logistical details of data
collection such as the duration of time between a treatment being administered and endline data
collection enter into the potential outcomes function if the longer time until data collection affects
subject recall of the treatment.

1.2 Diagnosands
The ability to calculate distributions of answers, given a model, opens multiple avenues for
assessment and critique. How good is the answer you expect to get from this strategy? Would
you do better with a different data strategy? With a different analysis strategy? How good is the
strategy if the model is wrong in some way or another?
To allow for this kind of diagnosis of a design, we introduce two further concepts, both functions of research designs. These are quantities that a researcher or a third party could calculate
with respect to a design.
1. A Diagnostic Statistic is a summary statistic generated from a run of a design—that is,
the results given a possible realization of variables, given the model and data strategy. A
diagnostic statistic may or may not depend on the model as well as realized data. For
example the statistic: e “ “difference between the actual average treatment effect (ATE) and
the estimated ATE” depends on the model (where “actual” is defined under the model for a
given run). The statistic s “ Ipp ď 0.05q, interpreted as “the result is considered statistically
significant at the 5% level,” does not depend on the model but it does presuppose an answer
strategy that reports a p value.
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Under a given model, diagnostic statistics have a distribution that result from the fact that
both the model and the data generation, given the model, may be stochastic.
2. A Diagnosand is a summary of the distribution of a diagnostic statistic. For example, given
the diagnostic statistics described above, (expected) bias in the estimated treatment effect is:
Epeq and statistical power is: Epsq.
To illustrate, consider the following design. A model M specifies three variables X, Y, Z in
some population (the signature of the model) and some functional relationships between them
that allow for the possibility of confounding (for example, Y “ bX ` Z ` eY ; X “ Z ` eX , with
Z, eX , eZ distributed standard normal). The question of interest is “what is the average effect of
a unit change in X on Y in the population?” Note that this question depends on the signature
of the model, but not the functional equations of the model (the answer provided by the model
does of course depend on the functional equations). Consider now a data strategy D, in which
data is gathered on X and Y for n randomly selected units. An answer a A , is then generated
using ordinary least squares as the answer strategy, A.
Is this a good research design? One way to answer this question is with respect to the
diagnosand “expected error.” Here the model’s functional equations provide an answer, a M to
the inquiry (for any draw of β), and so the distribution of the expected “error,” given the model,
a A ´ a M , can be calculated.
In this example the expected performance of the design may be poor because the data and
analysis strategy do not handle the confounding described by the model. In comparison, better
performance may be achieved through an alternative data strategy (e.g., where D1 randomly
assigned X to n units before recording X and Y) or an alternative analysis strategy (e.g., A1
conditions on Z). All these evaluations of designs depend on the model, and so one might
reasonably ask how performance would look were the model different (for example if it allowed
for spillovers or effect heterogeneity).
In all cases the evaluation depends on the assessment of a diagnosand, and comparing the
diagnoses to what could be achieved under alternative designs.
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Diagnosand

Description

M

Power
RMSE
Coverage
SD of Estimates
SD of Estimands
Estimation Bias

Probability of erroneously failing to reject null hypothesis
Standard deviation of differences between estimates and estimand
Probability that estimand falls within confidence interval
Standard deviation of estimates
Standard deviation of estimands
Expected difference between estimate and estimand
Expected difference between population average treatment effect and
sample average treatment effect (Imai, King and Stuart, 2008)
Expected distance of covariates across treatment conditions (Mahalanobis, 1936; Gu and Rosenbaum, 1993)
Probability that the replicated estimate has the incorrect sign, if it is
statistically significant (Gelman and Carlin, 2014)
Expected ratio of absolute value of estimate to estimand, if statistically
significant (Gelman and Carlin, 2014)

X
X
X
X
X
X

Sampling Bias
Imbalance
Type S Rate
Exaggeration Ratio

X

Required:
I
D A

X
X

X
X
X
X
X
X

X

X

X
X

X

X
X
X
X
X

X

X

X

X

X

X

X

X

X

Table 1: Examples of diagnosands and the declarations required for completeness in each case.

1.3 Choice of Diagnosands
What diagnosands should researchers choose? Although researchers commonly focus on statistical power, a larger range of diagnosands can be examined and may provide more informative
diagnoses of design quality. We list and describe some of these in Table 1, indicating for each the
design information that is required in order to calculate them.
This set of statistics allows researchers to understand the properties of the estimates across
possible realizations of the data and how successful their data and analysis strategies are at
estimating estimands. Though these are frequentist properties, many of the diagnosands can be
used to assess Bayesian estimation strategies (see Rubin, 1984), and as we illustrate below there
are diagnosands unique to Bayesian strategies.
Diagnosands can also be defined for properties that reach beyond classical statistics. For example one might define a study as “conclusive” if some evidence is observed, whether or not
formal hypothesis tests are conducted, an inference as “robust” if the same inference is made
under different analysis strategies, or an intervention as having “value for money” if some set
of estimates have some minimal magnitude. A diagnosis summarizing these diagnostic statistics across many simulations of the design would then report the chances that a study will be
considered conclusive, an inference considered robust, or an intervention deemed to have value
for money. The three diagnosands depend on observed data only. More subtle analogues can be
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defined that also make use of potential data, for example one might define a diagnosand as the
chances that an intervention is correctly considered value for money.

1.4 What is a Complete Research Design Declaration?
A declaration of a research design that is in some sense complete is required in order to implement it, communicate its essential features, and to assess its properties. Yet existing definitions
make clear that there is no single conception of a complete research design that is satisfactory
for all purposes: the Consolidated Standards of Reporting Trials (CONSORT) Statement widely
used in medicine includes 22 features and other proposals range from nine to 60.3
In current practice, research designs are commonly declared in terms of the elements required
to implement the study. The set of features that are often described include the assignment
procedure including sampling and treatments as well as the estimation strategy.
We propose a conditional notion of completeness: we say a design is “diagnosand-complete”
for a given diagnosand if that diagnosand can be calculated from the declared design. Thus a
design that is diagnosand complete for one diagnosand may not be for another. Consider for
example the diagnosand “statistical power.” Power is the probability that a p-value is lower than
some critical value. Thus power completeness requires that the answer strategy return a p value.
It does not require a well defined estimand however (hence the lack of a checkmark under I on
Table 1). Bias or RMSE completeness in contrast does not require a statistical test, but it does
require the specification of an estimand.
Different research communities set different standards for what constitutes sufficient information to make such conjectures about the world plausible. With respect to effect sizes, for
example, some organizations may want to see how diagnoses vary across the entire range of
conceivable effects, while others may require researchers to conduct a relevant meta-analysis or
even a baseline survey in order to bolster the assumptions feeding into their design declarations.
Our notion of diagnosand-completeness does not encompass all of the information relevant
to research design, it simply conveys the minimum information required to enable assumptionbased diagnosis of a design’s inferential properties.4
3 See

“Pre Analysis Plan Template” (60 features); World Bank Development Impact Blog (nine features).
only conveys what aspects of a design must be declared in order for some diagnostic
feature to be queried, but it does not convey what information is required to make such diagnosis believable. A
4 Diagnosand-completeness
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2. Existing Methods for Diagnosing Research Designs
While relatively simple, the notion of diagnosand-completeness highlights the inadequacy of
many common approaches to inspecting a design’s quality.
Currently there are three main methods for researchers to assess the properties of their designs: analytical formulae for simple research designs such as a sample survey of n units from a
population of N to estimate a population parameter (e.g., Cohen, 1977; Haseman, 1978; Muller
and Peterson, 1984; Muller et al., 1992; Lenth, 2001); Monte Carlo simulation code, written by
researchers to diagnose each study; and computational tools available through Web apps (e.g.,
the EGAP power tool), general statistical software (e.g., easypower for R and Power and Sample
Size for Stata), and single-use diagnosis software for particular types of designs (e.g., Optimal
Design, G*Power, nQuery, NCSS PASS, SPSS Sample Power, and so on). We show here that, with
the exception of custom-written Monte Carlo simulations, even the most sophisticated of these
methods cannot calculate key diagnosands for even relatively simple designs because they do
not require or accommodate sufficient information about the design.
We conducted a survey of over 143 computational tools available to social science researchers,
considering any software that offered computational methods to diagnose research designs. We
used two principle methods to search for candidates. First, we entered the search terms “statistical power calculator” and “sample size calculator” into the Google web search engine, using an
incognito browser window in Google Chrome. We assessed the first 30 results using these terms.
Second, we assessed the tools listed in four reviews of the literature, namely Kreidler et al. (2013),
Guo et al. (2013), Groemping (2016) and Green and MacLeod (2016). Of the 143 tools identified
as candidates in this manner, 30 tools were able to diagnose specific inferential properties of designs, such as their power, and so were retained for the survey. Supporting Materials Section S2
provides further details on the methods employed to identify, admit and code the tools included
in this survey.
We assess these tools’ ability to assist a hypothetical researcher designing a study whose
Inquiry focuses on the impact of a door-to-door voter mobilization campaign on voter turnout.
bias-complete design may be declared which excludes the possibility of bias from Hawthorne effects. Whether the
estimated bias of the design is credible or not depends on the credibility of the model used to generate the diagnostic
statistics.
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Her budget allows her to treat ten households in each of five randomly selected city blocks,
which vary in their total size. Turnout is measured for all households based on a voter file.
Her Model of the world stipulates that the effectiveness of the mobilization campaign may vary
systematically depending on the size of the block. Her Data strategy involves assigning 10
households in blocks of different sizes, and she suspects that she may need to account for the
differential assignment probabilities this procedure induces. On the other hand, she is aware
that using a probability-weighted estimator as her Answer strategy may reduce efficiency. She
is thus unsure whether to pre-register an estimator that simply conditions on block-level fixed
effects (BFE), or one that inversely weights observations by their conditional probability of being
assigned to their observed treatment condition (IPW-BFE).
Before conducting her study the researcher thus seeks to answer three diagnostic questions:
1. For both estimators what is the power – the probability that the statistical test will lead the
researcher to reject the null hypothesis of no effect if the treatment truly (under the model)
does affect outcomes?
2. What is the bias of both estimators with respect to the average treatment effect among the
population of interest?
3. Given the answers to 1 and 2, is the researcher better off using the BFE or IPW-BFE approach?
Using the tools surveyed for this article, the researcher would be unable to answer any of
these questions correctly, because they cannot incorporate key features of the design. As evidenced on Table 2, none of the tools was able to diagnose the design while taking account of the:
posited correlation between block size, potential outcomes, and treatment assignment probabilities; sampling strategy; exact randomization procedure; formal definition of the estimand as the
population average treatment effect; or the use of inverse-probability weighting estimation techniques.5 As a result, no tool was able to calculate the power for the IPW-BFE estimator. Moreover,
no tool was able to calculate the design’s bias, root mean squared error or coverage. We show
below that these diagnosands shed light on tradeoffs that, while not immediately obvious, are
consequential for the inferences provided by the design.
We compared the power calculations from these 30 tools to the true power of a simulated
5 The one tool (GLIMMPSE) that was able to account for the fact that the researcher intends to assign exactly m
units within blocks of varying size encountered an error and was unable to produce diagnostic statistics.
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(a) Declare Elements of Designs

(M)
(I)
(D)
(D)
(D)
(A)

Effect and block size correlated
Estimand
Sampling procedure
Assignment procedure
Block sizes vary
Probability weighting

(b) Diagnosis Capabilities

0/30
0/30
0/30
0/30
1/30
0/30

Power (DIM estimator)
Power (BFE estimator)
Power (IPW-BFE estimator)
Bias (any estimator)
Coverage (any estimator)
SD of estimates (any estimator)

28/30
13/30
0/30
0/30
0/30
0/30

Table 2: Existing tools cannot declare many core elements of designs and, as a result, can only calculate
some diagnosands correctly.

version of the researcher’s design under assumptions about the data-generating process, which
we calculated in R using the companion software to this paper, DeclareDesign (Blair et al., 2016a).
Starting from a very large finite population of interest in which each unit has a treatment and
control potential outcome, we first calculate the true population average treatment effect (PATE),
then cluster-sample five groups, block-assign ten units in each group to the treatment, reveal
the outcomes that obtain under the given random assignment, and then estimate the treatment
effects using the three proposed estimation strategies. We then used the parameters from this
simulation exercise to calculate the power of the design using the 30 identified tools.
While almost all (28/30) of the tools were able to provide an estimate of the design’s power
when using the DIM estimator, fewer than half (13/20) were able to provide an estimate of the
power using the BFE estimator, and as noted none were able to provide a power estimate for the
design when using the IPW-BFE estimator. Although they were able to estimate power, because
they neglect core features of the design, the tools substantially exaggerated power estimates –
by an average of 15 and 13 percentage points for the DIM and BFE estimators, respectively. In
effect, the tools all assume an unbiased estimator. This is problematic because simulations show
the estimates produced by the DIM and BFE estimators are lower than the true effect on average,
due to the negative correlation between a unit’s treated potential outcome and its probability
of assignment to treatment. Because the assessed tools base power calculations on the true
underlying effect, which is larger than the estimates provided by those two answer strategies
(Era M s ą Era A s), they exaggerate the design’s power.
Using the companion software, we show that the IPW-BFE estimator is better powered and
less biased (in terms of the PATE) than the BFE estimator. However, power is a misleading
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indicator of the efficiency of the IPW-BFE strategy: it is more powered because it produces biased
variance estimates that lead to troublingly low coverage probabilities. In terms of RMSE and the
standard deviation of estimates, the IPW-BFE strategy does not outperform the BFE estimator.
The exercise thus highlights why power and sample size calculations alone are insufficient to
fully assess the tradeoffs between these relatively simple design alternatives.
Beyond this specific example, the general point is that existing tools cannot incorporate the
information required to comprehensively assess the probative value of research designs. In our
view, this shortcoming does not derive from any statistical weakness in the tools, which sometimes feature sophisticated mathematical underpinnings. Rather, these tools lack two core features. First, they are not guided by a framework that specifies what features of a design a
researcher must declare in order to properly diagnose its inferential properties.6 Second, because these tools’ diagnostic methods are based on pre-defined formulae that abstract from core
features of the design, they lack the flexibility to faithfully approximate the answers provided
by real research designs. In the next section, we argue that computer-based simulation of designs provides such flexibility, and use the companion software to illustrate how computer-based
diagnosis can be used in a variety of research contexts: from causal inference employing observational, experimental, and qualitative evidence, to descriptive and exploratory research.

3. Declaring and Diagnosing Research Designs in Practice
A design that can be described mathematically (as in Section 1) can also be declared in computer
code and then simulated in order to diagnose its properties. The core advantage of simulation
over diagnosis through analytic solutions is that diagnosands can be quantified, even where
closed-form solutions do not exist or are extremely difficult to derive. Whereas researchers with
advanced coding skills will be able to write their own custom-built simulations, coding diagnoses
of designs from scratch can be complicated, and is difficult to compare to other examples. The
top panel of Table 3 shows how to declare a design in code using the companion software to this
paper, DeclareDesign (Blair et al., 2016a) . The resulting set of objects (P_U, F, I, p_S, p_Z, and
A) are functions. A single simulation calls each of these functions successively as shown in steps
6 Even though they are power calculators for the most part, many of the tools’ definitions are not “power-complete”
in the sense defined above, because they do not require information on core parts of the Data or Answer strategy (such
as the assignment procedure).
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Design Declaration
"

Declare background variables PpUq
Declare functional relations F
I
Declare inquiry I
"
Declare sampling pS
D
Declare assignment p Z
A Declare answer strategy, A
Declare design, <M, I, D, A>
M

Design Simulation (1 draw)

Code
P_U
F
I
p_S
p_Z
A
D

<<<<<<<-

declare_population(x_1 = rnorm(N), N = 100)
declare_potential_outcomes(Y „ x_1 + Z)
declare_estimand(PATE = mean(Y_Z_1 - Y_Z_0))
declare_sampling(n = 50)
declare_assignment(m = 25)
declare_estimator(Y „ Z, estimand = I)
declare_design(P_U, F, I, p_S, p_Z, A, D)

1

Draw a population u using PpUq

Code
u <- P_U()

2

Calculate an answer a M to I using F and
u

uv <- F(u)
a_M <- I(uv)

3

Draw data, d, given sampling and
treatment assignments specified in D
and data realizations as determined by
F and u

d_1 <- p_S(uv)
d_2 <- p_Z(d_1)
d <- reveal_outcomes(d_2)

4

Calculate answers, a A using A and d:

a_A <- A(d)

5

Calculate a diagnostic statistic t using a A
and a M

t <- a_A - a_M

Design Diagnosis (m draws)

Code

Declare a diagnosand
Calculate a diagnosand

bias <- declare_diagnosand(bias = mean(t))
diagnose_design(D, diagnosand = bias, sims = m)

Table 3: A procedure for design diagnosis through simulation, using the companion software
DeclareDesign (Blair et al., 2016a).

1-5. A design diagnosis conducts m simulations, then summarizes the resulting distribution of
diagnostic statistics in order to estimate the diagnosand.
Diagnosands can be estimated with higher levels of precision by increasing m. However,
simulations are often computationally expensive. In order to assess whether researchers have
conducted “enough” simulations to be confident in their diagnosand estimates, we recommend
estimating the sampling distributions of the diagnosands via the nonparametric bootstrap. With
the estimated diagnosand and its standard error, we can construct a confidence interval to make
a decision about whether the range of likely values of the diagnosand compare favorably to reference values such as statistical power of 0.8. We emphasize that this confidence interval reflects
both estimation uncertainty (simulation error) and fundamental uncertainty (true variability in
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the diagnosand, for example across possible population draws).7
Our companion software facilitates design diagnosis for beginner to intermediate coders in
R. Those with no coding experience can use the online design declaration and diagnosis wizard,
available at www.DeclareDesign.org. The website also contains instructions for implementing
this framework in Stata. Section 5 of the supplementary materials provides a simple example
and explains how each step corresponds to the MIDA framework.
Design diagnosis through simulation does place a burden on researchers to come up with a
substantive model, M. Declaring the model, which seemingly it is the aim of the researcher to
learn about, may seem to beg the question. Yet declaring a model is unavoidable. In practice it is
already familiar to researchers who conduct power calculations, which require effect sizes. Once
a diagnosand-complete design is declared, researchers can assess the sensitivity of diagnosis to
alternative models and strategies. In a sense, similar to the focus on minimal detectable effects for
power calculators, what design declaration offers is not only a tool to establish that a design has
desirable qualities but a tool to lay bare under what assumptions a design has desirable properties.
Moreover, objects created through a common computer language are directly comparable.
Not only can the performance of a design be analyzed with respect to different data, but alternative designs used in different research studies can in principle be compared head to head on
the same dataset, if the variables and computer syntax used to create them are common. Having
declared a design in code, the computer object can also be reused throughout the lifecycle of a
project: the code used to simulate random sampling can be used to implement sampling when
the study is launched, and the same functions used to declare the assignment mechanism in a
randomized trial can be used to randomize treatment assignment given sample data, and also to
implement analysis given outcome data.

3.1 Causal Inference
The approach to design diagnosis we propose can be used to declare and diagnose a range of
research designs typically employed to answer causal questions in the social sciences.
Process Tracing. While many qualitative researchers employ frameworks that may seem
7 This

procedure depends on the researcher choosing a “good” diagnosand estimator. In nearly all cases, diagnosands will be features of the distribution of a diagnostic statistic that, given i.i.d. sampling, can be consistently
estimated via plug-in estimation (for example taking sample means). Our simulation procedure, by construction,
yields i.i.d. draws of the diagnostic statistic.
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incompatible with the type of design declaration we have described, formal design declaration
and diagnosis may still be of use to qualitative designs that aim to confirm the presence or
absence of a causal relationship (i.e., that are not focused on theory generation). Consider a
stylized “process-tracing” design similar to ones described for example by Mahoney (2012) or
in the Supplementary Materials to Bennett and Checkel (2014). A researcher selects a case in
which some outcome is observed (a revolution, say) and some possible driver is present (a strong
middle class, say). The researcher seeks evidence in archives that they believe to be “smoking gun
evidence” (Van Evera, 1997) that the driver was indeed important for the outcome—for example
they look for evidence that the revolution was financed by domestic industry—and are prepared
to draw different inferences depending on what they find in this causal process observation
(CPO).
Declared in terms of MIDA, the Model in such a study could stipulate a population PpUq of
N cases. The unobserved variable T P tA, B, C, Du gives the causal type of each case. In combination with the potential outcomes function F, the type variable creates a mapping between
the presence or absence of the causal driver X P tNo strong middle class, Strong middle classu
and the presence or absence of the outcome Y P tNo revolution, Revolutionu. A types only
have revolutions when there is no middle class, B types only have revolutions when there
is a middle class, C types never have revolutions, and D types always have them. A clue
K P tRevolution not financed by domestic industry, Revolution financed by domestic industryu
is generated with probability .2 only if the case is a B type. The Data strategy involves selecting one case at random for process-tracing, specifically one in which there is a middle class
and a revolution. This leads to the Inquiry: is the case a B type, given the CPO? Or, formally,
PrpT “ B | Kq. A priori, since the case can only be a B or a D type given that X and Y are both
present, the researcher might assign equal probabilities to the case being of either type. Suppose
that the Answer strategy involves inferring with certainty that the case is a type B when the clue
is observed and remaining agnostic when it is not, such that PrpT “ B |

Kq “ .5. With these

elements in hand, it is relatively straightforward to generate a distribution of diagnostic statistics
t “ a A ´ a M . Our implementation of this procedure using the R package DeclareDesign in supporting Materials Section S1.1 shows that the researcher’s inference will be unbiased in the cases
in which the CPO is observed (ErtK s “ 0), but not in those cases in which it is not (Ert
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Ks

‰ 0s),

and so not overall (Erts ‰ 0s). The bias arises from the non-Bayesian property of the answer strategy: the researcher does not sufficiently discount the causal theory under investigation when
disconfirmatory evidence comes to light.
Observational Regression-Based Strategies. Many observational studies seek to make causal
claims but do not explicitly employ the potential outcomes framework, instead describing inquiries in terms of model parameters. Consider a study that seeks to estimate parameter β from
a Model of the form yi “ α ` βxi ` ei . What is the estimand here? If we believe that this model
describes the true data generating process then β is an estimand: it is the true (constant) marginal
effect of x on y. But what if we are wrong about the model? We run into a problem if we want
to assess the properties of strategies under different assumptions about data generation if the
inquiry itself depends on the data generating model.
We can declare an Inquiry as some summary of differences in potential outcomes across
conditions, β. For example we might define α and β as the solutions to:

min
pα,βq

ÿż

pyi pxq ´ α ´ βxq2 f pxqdx

i

Here yi pxq is the (unknown) potential outcome for unit i in condition x. Estimand β can be
thought of as the coefficient one would get on x if one were to able to regress all possible potential
outcomes on all possible conditions for all units (given density of interest f pxq).8 Our Data
strategy will simply consist of the passive observation of units in some population, and we assess
the performance of an Answer strategy employing an OLS model to estimate β under different
conditions.
In Supporting Materials Section S1.8, we declare a design in which the properties of a regression estimate are assessed under the assumption that in the true data-generating process y
is in fact a nonlinear function of x. Diagnosis of the design shows that under uniform random
assignment of x, the linear regression returns an unbiased estimate of a (linear) estimand, even
though the true data generating process is non linear. Interestingly, with the design in hand, it is
easy to see that unbiasedness is lost in a design in which different values of xi are assigned with
8 An alternative might be to imagine some analogue of the ATT estimand, for example for some x defined on the
i
real line we might define EpYi pxi q ´ Yi pxi ´ 1qq where xi is the observed treatment received by unit i.
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different probabilities.
Matching. In much observational research, assignment processes are not known. In matching designs, the data strategy typically does not include intervention in assignment nodes by the
researcher; they are taken as given. Using observable traits to reconstruct assignment propensities, matching procedures seek to establish conditions under which as-if random assumptions
can be made. Diagnosis in such instances can be helpful as a tool to explore the conditions under which such assumptions are justified. In Supplementary Materials Section S1.2 we declare
a design with a Model in which three observable random variables are combined in a probit
process that assign the treatment variable, Z. The Inquiry pertains to the average treatment effect of Z on the outcome Y, which we estimate using an Answer strategy that reconstructs the
assignment process (possibly erroneously) to calculate a A . Our diagnosis shows that matching
improves mean-squared-error (Erpa A ´ a M q2 s) relative to a naive difference-in-means estimator of
the treatment effect on the treated (ATT), but can nevertheless remain biased (Era A ´ a M s ‰ 0) if
the matching algorithm does not successfully pair units with equal probabilities of assignment.
Regression Discontinuity. While in matching applications researchers do not typically know
the assignment process, in other observational settings researchers may know how assignment
works without necessarily controlling it. In regression discontinuity designs causal identification
is premised on the claim that potential outcomes are continuous at a critical threshold (and not
from a claim of random placement of units around a threshold). The declaration of such designs
involves a Model that defines the unknown potential outcomes functions mapping group- or
sample-level outcomes to the running and treatment variables. Our Inquiry concerns the average
difference in potential outcomes as they limit toward the threshold of the running variable at
which the assignment variable changes values. The Data strategy involves selecting a caliper
around this threshold within which to sample units so as to maximize efficiency while reducing
bias. The Answer strategy is a simple linear regression in which the assignment and running
variables are linearly interacted. In Supplementary Materials Section S1.3, we declare and diagnose such a design. A key point to arise from the simulation is that the estimand involved in
many regression discontinuity designs is rarely an average of potential outcomes of all units, but
rather an unobservable quantity defined at the limit of the discontinuity. Assessing the external validity this design can be complicated: unless one postulates unobservable counterfactuals
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(such as the ‘treated’ outcome for a unit located below the treatment threshold), it is difficult to
declare designs that are bias-complete with respect to the population average treatment effect
(PATE).
Experimental Design. Experimental research may call particularly for design declaration
and diagnosis because researchers are typically in direct control of many features of the design,
beginning with assignment of treatments. One example of such a choice is that between a 2by-2 factorial design or a three-arm trial where the “both” condition is excluded. Consider a
researcher studying two treatments who is interested in the effect of each treatment conditional
on the other treatment being in the control condition. Should she choose a factorial design or a
three-arm design? Focusing for simplicity on the effect of a single treatment, we declare two
designs under a range of alternative models to help assess the tradeoffs. For both designs, we
consider Models M1 , ..., MK , where we set the interaction between treatments to 0 for M1 , and
increment it by .5{pK ´ 1q for each MkP2,...,K . Our Inquiry is always the average treatment effect of
treatment 1 given all units are in the control condition for treatment 2. We have two alternative
Data strategies under consideration: d1 using an assignment strategy p1Z , in which subjects are
assigned to a control condition, treatment 1, or treatment 2, each with probability 1/3; and d2
using p2Z to assign subjects to each cell of a 2 ˆ 2 with probability 1/4. The Answer strategy in
both cases involves a regression of the outcome on both treatment indicators.
We declare and diagnose this design using the R package DeclareDesign in Supplementary
Materials Section S1.4. Neither design exhibits bias when the true interaction term is equal to
zero (Figure 1 left panel). However, as the interaction between the two treatments is stronger, the
factorial design renders estimates of the effect of treatment 1 that are more and more biased relative to the “pure” main effect estimand. Moreover, there is a bias-variance tradeoff in choosing
between the two designs (Figure 1 right panel). When the interaction term is small or close to
zero, the factorial design is preferred, because it is more powerful: it compares one half of the
subject pool to the other half, whereas the three arm design only compares a third to a third.
However, as the magnitude of the interaction term increases, the precision gains are offset by
the increase in bias documented in the left-panel. In cases of high heterogeneity, the three-arm
design is then preferred. This exercise highlights key points of design guidance. Researchers
often select factorial designs because they expect interaction effects: and indeed factorial designs
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Figure 1: Diagnoses of Designs with Factorial or Three-Arm Assignment Strategies Illustrate a BiasVariance Tradeoff. Bias (left) and root mean-squared-error (right) are displayed for two assignment strategies, a 2 ˆ 2 treatment arm factorial design (solid lines; circles) and a three-arm design (dark gray dotted
lines; triangles) according to varying interaction effect sizes specified in the potential outcomes function
(x axis).

are required to assess these. However if the scientific question of interest is the pure effect of each
treatment, researchers should (perhaps counterintuitively) use a factorial design if they expect
weak interaction effects.

3.2 Descriptive Designs
Descriptive research questions often center on measuring a parameter in a sample or in the
population, such as the proportion of voters in the United States who support the democratic
candidate for president. Although seemingly very different from designs that focus on causal
inference—because often there are no explanatory variables—the formal differences are not great.
Descriptive Inference. In Supplementary Materials Section S1.5, we examine an estimator
of candidate support that conditions on being a “likely voter.” For this problem the data that
help researchers predict who will vote is of critical importance. In the example, analysts declare
a Model in which latent voters are likely to vote for a candidate, but unlikely to reveal to interviewers their true propensity to vote. The Inquiry concerns the true underlying support for the
candidate, while the Data strategy involves a random population sample. The Answer strategy
involves looking at support for the candidate among likely voters. The design can be diagnosed
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to assess the risk of falsely concluding that the general election support of the democratic candidate is above 50%, given assumptions about how people report their voting proclivities.
Bayesian Descriptive Inference. In addition to modes of analysis that employ a classic nullhypothesis testing approach to statistical inference, our framework can also be of use to Bayesian
strategies. In Supporting Materials Section S1.6, we declare a Bayesian descriptive inference design. The Model stipulates a latent probability of success for each unit, and makes one binomial
draw for each based off of this probability. The Inquiry pertains to to the latent probability, and
the Data strategy involves a random sample of relatively few units. There are two alternative
Answer strategies under consideration: in the first, the researcher stipulates uniform priors, with
a mean of .5 and a standard deviation of .29; in the second, the priors place more probability
mass at .5, with a standard deviation of .11. The design can be diagnosed not only in terms
of its bias, but also as a function of quantities specific to Bayesian estimation approaches, such
as the expected shift in the location and scale of the posterior distribution relative to the prior
distribution. The diagnosis shows that the informative prior approach yields more certain and
more biased inferences than the uniform prior approach. In terms of the bias-variance tradeoff,
the informative priors decrease the posterior standard deviation by about 40% relative to the
uniform priors, but increase the bias by about 33%.

3.3 Designs for Discovery
In some research projects the ultimate hypotheses that are assessed are not known at the the
design stage. Some inductive designs are entirely unstructured and explore a variety of data
sources with a variety of methods within a general domain of interest until a new insight of
some type is uncovered. Yet many can be described in a more structured way.
In studying textual data, for example, a researcher may have a procedure for discovering the
“topics” that are discussed in a corpus of documents. Before beginning the research, the set
of topics and even the number of topics is unknown. Instead, the researcher selects a model
for estimating the content of a fixed number of topics (i.e., Blei, Ng and Jordan, 2003) and a
procedure for evaluating the model fit used to select which number of topics fits the data best.
Such a design is inductive, yet the analytical procedure of discovery can be described and evaluated.
In Supplementary Materials Section S1.7, we given an example of a design declaration for
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an exploratory data analysis procedure in which in a first stage the researcher explores possible
analysis strategies on half of the data and in the second stage apply their preferred procedure to
the second half of the data. Split-sample procedures such as this enable researchers to learn about
the data inductively while still protecting against Type I errors (Fafchamps and Labonne, 2016).
The Model stipulates that education is a confounder for the effect of income on the outcome of
interest, Y, while the Inquiry pertains to the unconfounded effect of income on Y. The Data
strategy simply involves passively recording the variables of interest. We compare three Answer
strategies: the “right” and “wrong” models, which do and don’t condition the analysis of income
on the concurrent effect of education, on the one hand, and on the other, a split-sample procedure
that estimates effects on one half of the sample using the one of three models that has the best
goodness of fit when estimated on the other half of the sample. The design is complete for a
range of diagnosands (power, bias, RMSE, Type-S, etc.). The split-sample procedure reduces bias
and power relative to selection of the “wrong” estimator. Any exploratory procedure in which
the domain of exploration (for example, the set of tests that will be conducted) and the decision
rules (how the researcher selects among models or changes the analysis in response to test values)
are known can be declared and diagnosed in this manner.

4. Putting Declarations and Design Diagnosis to Use
We have described and illustrated a strategy for declaring research designs for which “diagnosands” can be estimated given conjectures about the world. How might declaring and diagnosing research designs in this way affect the practices of authors, readers, and replication
authors? We describe implications for how designs are chosen, communicated, and challenged.

4.1 Making Design Choices
The move towards greater transparency places a premium on considering alternative analysis
strategies at early stages of research projects, not only because it reduces researcher discretion,
but also because it can improve the quality of the final research design. While there is nothing
new about the idea of determining features such as sampling and estimation strategies ex ante in
order to maximize power, for example, in practice many designs are finalized late in the research
process, after data are collected.
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Moreover, as illustrated in section 2, existing power calculators are surprisingly rudimentary: they handle a very small set of special cases, and often do not show how power varies
as a result of the many design choices a researcher must make besides sample size. No general tools exist for assessing power or other equally important properties, such as unbiasedness,
mean squared error, or coverage. By making the various steps of the prospective design concrete
through computer-based simulation, the procedures we have described make clear in advance
which choices need to be made conditional on data collection, and what the inferential consequences of those choices are.

4.2 Communicating Design Choices
Bias in published results can arise for many reasons. For example, researchers may deliberately
or inadvertently select analysis strategies because they produce statistically significant results.
Proposed solutions to reduce this kind of bias focus on various types of preregistration of analysis
strategies by researchers (Rennie, 2004; Zarin and Tse, 2008; Casey, Glennerster and Miguel, 2012;
Nosek, 2014; Green and Lin, 2016). Study registries are now operating in numerous areas of social
science, including those hosted by the American Economic Association, Evidence in Governance
and Politics, and the Center for Open Science.
However, the effectiveness of design registries in reducing the scope for fishing depends
on clarity over which elements must be included in a precommitment document. In practice
some registries rely on various checklists and pre-analysis plans exhibit great variation, ranging
from lists of written hypotheses to all-but-results journal articles. In our view, the solution
to this problem does not lie in ever-more-specific questionnaires, but rather in a new way of
characterizing designs whose analytic features can be diagnosed through simulation.
The requirement that design declarations be diagnosand-complete can clarify for researchers
and third parties what aspects of a study need to be specified in order to meet standards for effective preregistration. Rather than asking: “are the boxes checked?” the question becomes: “can it
be diagnosed?” A design can only be diagnosed when sufficient detail has been provided to analytically characterize diagnosands or to conduct Monte Carlo simulations of the implementation
of the design from beginning to end.
Declaration of a diagnosand-complete design also enables a final and infrequently practiced
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step of the registration process, in which the researcher “reports and reconciles” the final with
the planned analysis. Understanding how and whether the features of a design diverge between
ex ante and ex post declarations highlights deviations from the pre-analysis plan. The magnitude
of such deviations determines whether results should be considered exploratory or confirmatory.

4.3 Challenging Design Choices
The independent replication of the results of studies after their publication is an essential component of the shift toward more credible science. Replication — whether verification, reanalysis
of the original data, or reproduction of results using fresh with — provides incentives for researchers to be clear and transparent in their analysis strategies, and can build confidence in the
robustness of findings.9
In addition to rendering the design more transparent, diagnosand-complete declaration can
allow for a different approach to the re-analysis and critique of published research. A standard
practice for replicators engaging in reanalysis is to propose a range of alternative strategies and
assess the robustness of the data-dependent estimates to different analyses. The problem with
this approach is that when divergent results are found, third parties do not have clear grounds
to decide which results to believe. This issue is compounded by the fact that, in changing the
analysis strategy, replicators risk departing from the estimand of the original study, possibly
providing different answers to different questions. In the worst case scenario, it can be difficult
to determine what is learned both from the original study and from the replication.
A more coherent strategy facilitated by design simulations would be to use a diagnosandcomplete declaration to conduct “design replication.” In a design replication, a scholar restates
the essential design characteristics to learn about what the study could have revealed, not just
what the original author reports was revealed. This helps to answer the question: under what
conditions are the results of a study to be believed? By emphasizing abstract properties of
the design, design replication provides grounds to support alternative analyses on the basis
of the original authors’ intentions and not on the basis of the degree of divergence of results.
Conversely, it provides authors with grounds to question claims made by their critics. We provide
an example of a design replication of a study for which data is currently not available in Blair et al.
9 For

a discussion of the distinctions between these different modes of replication, see Clemens (2015).
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Author’s proposed Answer strategy
Alternative Answer strategy

Author’s assumed Model
A
C

Alternative claims on Model
B
D

Table 4: Diagnosis Results Given Alternative Assumptions on Model and Alternative Answer Strategies. Four scenarios encountered by researchers and reviewers of a study are considered depending on
whether the model or the answer strategy differs from the author’s original strategy.

(2016b). In that replication we illustrate how the strategy employed by Björkman and Svensson
(2009) could under some reasonable data generating processes give rise to biased results. We
emphasize that this exercise does not demonstrate bias. Rather, it helps locate possible sources of
bias latent in the design.
Table 4 illustrates situations that may arise. In a declared design an author might specify
situation A: a set of claims on the structure of the variables and their potential outcomes (the
model) and an estimator (the answer strategy). A critic might then question the claims on potential outcomes (for example questioning SUTVA) or question estimation strategies (for example
arguing for the need to include or exclude some control variables from an analysis), or both.
In this context here are several possible criteria for admitting alternative answer strategies:
• Home ground dominance. If ex ante the diagnostics for situation C are better than for A
then this gives grounds to switch to C. That is, a critic can demonstrate that an alternative
estimation strategy outperforms an original estimation strategy even under the data generating process assumed by an original researcher, then they have strong grounds to propose
a change in strategies. Conversely if an alternative estimation strategy produces different
results, conditional on the data, but does not outperform the original strategy given the
original assumptions, this gives grounds to question the reanalysis.
• Robustness to alternative models. If the diagnostics in situation B are as good as in A
but are better in situation D than in situation C this provides a robustness argument for
altering estimation strategies.
• Model plausibility. If the diagnostics in situation A are better than in situation B, but
the diagnostics in situation D are better than in situation C, then this is cause for worry
and the justification of a change in estimators depends on the plausibility of the different
assumptions on potential outcomes.
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As an illustration of the application of these principles, consider a situation in which a researcher produces an estimate of an average treatment effect. A critic notes that the treatment
is highly correlated with a covariate, not included in the original analysis, and that significance
is lost once the control is included. The researcher might then counter that although results
are sensitive to the inclusion of the control, the new strategy does not satisfy home ground
dominance—that is, given prior assumptions about the model, the diagnostics from the new estimation strategy are not better than those from the original strategy. The critic could then describe
an alternative model and demonstrate either that the new strategy is more robust to alternative
models or that it is preferable on the basis of model plausibility—for example by using the data
to demonstrate that the covariate is prognostic of potential outcomes contrary to researcher assumptions. In all cases, transparent arguments can be made by formally comparing the original
design to a modified design.
While such criteria will not eliminate disputes they should at least help focus the discussion
on the analytically relevant issues.

4.4 Risks
The creation of a set of tools to evaluate the completeness and quality of research designs also
creates a set of risks. We outline four here. The first risk is that evaluative weight gets placed on
essentially meaningless diagnoses. Given that design declaration includes declarations of conjectures about the world it is possible to choose numbers so that a design passes any diagnostic test
set for it. Fortunately, however, the advantage of the formal declaration is that the basis for the
diagnoses can be examined and new diagnostics can be generated quickly given alternative specifications of data generating processes while keeping other design elements intact. Even still, the
risk remains that if the grounds for diagnoses are not inspected, designs may be favored because
of the optimism of the designers rather than inherent qualities of the design.
A second risk is that research gets evaluated on the basis of a narrow but perhaps inappropriate set of diagnosands, such as power, bias, or RMSE. In fact, the appropriateness of the
diagnosand depends on the purposes of the study. The optimal bias-variance tradeoff for example might depend on whether the interest is in assessing properties of a specific case or whether
a study is contributing to a larger literature. To help guard against this risk we provide a range
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of diagnosands as defaults in our software and allow users to define their own. In this way, the
evaluative grounds for research may be widened for example by making it easier for researchers
to demonstrate the value of a design that carries a risk of bias but has other valuable properties.
A third risk is that as the evaluation of formal properties of a design become easier, evaluative
weight shifts away from the substantive importance of a question being answered.10 Similarly
there could be a risk that less attention is paid to measurement issues, which largely fall outside
our framework. Simplification of the evaluation of formal properties of a design could instead,
however, allow for a shift in attention towards examining other properties of a design such as
measurement strategy or substantive and theoretical relevance. More creatively, it may also be
possible to think of substantive importance as a diagnosand—for example one could declare as
a diagnosand the likelihood that the research will contribute new knowledge to a given question
(whether or not it has good statistical properties).
A fourth risk is that the variation in the suitability of design declaration to different research
strategies that we outlined above is taken as evidence of the relative superiority of different
types of research strategies. We believe that the range of strategies that can be declared and
diagnosed is wider than what one might at first think possible, and we sketch above outlines
for declarations of descriptive, experimental, observational, quasi-experimental, and qualitative
strategies. We argue that there is value in formally declaring designs when this is possible. There
is no reason to believe, however, that all strong designs can be declared either ex ante or ex post.
An advantage of our framework, we hope, is that it can help clarify when a strategy can or cannot
be completely declared. When a design cannot be declared, nondeclarability is all the framework
provides, and in such cases we urge caution in drawing conclusions about design quality.

5. Conclusion
How can researchers assess the properties of research designs and improve them before implementation? Today, tools upon which many scholars rely prevent them from faithfully characterizing the features of common applied research designs. We show that these tools often provide
misleading assessments of the design properties and sometimes are not able to provide an assess10 A similar concern has been raised regarding the “identification revolution” where a focus on identification risks
crowding out attention to the importance of questions being addressed (Huber, 2013).
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ment at all. Our method allows researchers to fully characterize, and thus accurately diagnose
their designs. Of course, even a simulation-based claim to unbiasedness that incorporates all features of a design is still only good with respect to the conditions of the simulation; for example
conditional on the potential outcomes functions posited. In this sense, claims for properties of
strategies are more robustly made based on analytic results. Often however, the complexity of a
given research design prohibits analytic interrogation of diagnosands. Conversely, a simulation
based critique of a strategy—a demonstration that a strategy is biased for some estimand—may
be powerful even when general analytic results do not exist.
We describe a procedure for characterizing and diagnosing designs before implementation.
Ex ante declaration and diagnosis of designs can help researchers improve their properties. It can
make it easier for readers to evaluate a research strategy prior to implementation and without
access to results. It can also make it easier for designs to be shared and to be critiqued. Our
proposed framework and software aim to facilitate these steps.
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Appendix
Below, we demonstrate how each diagnosand-relevant feature of a simple design can be defined
in code, with an application in which the assignment procedure is known. This could represent
an experimental or quasi-experimental design.
PpUq The population. Defines the population variables, including both observed and unobserved X. In the example below we define a function that returns a normally distributed
variable of a given size. Critically, the declaration is not a declaration of a particular realization of data but of a data generating process. Researchers will typically have a sense of
the distribution of covariates from previous work, and may even have an existing dataset
of the units that will be in the study with background characteristics. Researchers should
assess the sensitivity of their diagnosands to different assumptions about p X .
my_population <- declare_population(N = 1000, u = rnorm(N))
Each declare step creates a function, in this case a function that returns a data set of N
observations with a variable named u drawn from a random normal distribution. For example, the population step PpUq could have equivalently been created using the following
function:
my_population_function <- function(N) { data.frame(u = rnorm(N)) }
my_population <- declare_population(
population_function = my_population_function, N = 1000)

Dp1q Assignment 1: The sampling strategy. Defines the distribution over possible samples for
which outcomes are measured. Formally pS is a component of p Z , though it is given the
special attention paid to it in many studies. In the example below each unit generated by
p X is sampled with 10% probability. Again my_sampling describes a strategy and not an
actual sampling.
my_sampling <- declare_sampling(n = 100)
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Dp2q Assignment 2: Treatment assignment. Defines the strategy for assigning variables under the notional control of researchers. In this example each sampled unit is assigned to
treatment independently with probability 0.5. The default assumption in our code is that
treatment assignment takes place after sampling though as a general matter this need not
be the case. In designs in which the sampling process or the assignment process are in the
control of researchers, pz is known. In observational designs, researchers either know or
assume pz based on substantive knowledge.
my_assignment <- declare_assignment(m = 50)

F The structural equations, or potential outcomes function. The potential outcomes function
defines conjectured potential outcomes given interventions Z and parents. In the example
below the potential outcomes function maps from a treatment condition vector (Z) and
background data u, generated by p X , to a vector of outcomes. In this example the potential
outcomes function satisfies a SUTVA condition—each unit’s outcome depends on its own
condition only, though in general since Z is a vector, it need not.11 It also assumes that
potential outcomes depends on treatment assignment and not on sampling. Again, the
declaration describes the function and not a particular set of potential outcomes.
my_potential_outcomes <declare_potential_outcomes(Y_Z_0 = u,
Y_Z_1 = u + .25)
In many cases, the potential outcomes function (or features of it) is the very thing that
the study sets out to learn, so it can seem odd to assume features of it. We suggest two
approaches to developing potential outcomes functions that will yield useful information
about the quality of designs. First, set a potential outcomes function in which the variables
of interest are set to have no effect on the outcome whatsoever. Diagnosands such as bias
can then be assessed without having to assume a particular relationship between treatments
and outcomes. This approach will not work for some diagnosands such as power or Type-S
errors. Second, consider setting a series potential outcomes functions that correspond to
11 For

an example of a function that does not satisfy SUTVA consider Y “ Z ` minpZ ˆ uq, for vectors Y, Z, u.
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competing theories. This enables the researcher to judge whether the design yields answers
that help adjudicate between the theories and whether the design has desirable properties
(i.e., sufficient power) under the potential outcomes implied by each theory.
I The estimands. The estimand function τ creates a summary of potential outcomes using ‘superdata’ that can be generated from the elements declared above. In principle the
estimand function can also take realizations of assignments as arguments, in order to calculate post-treatment estimands. Below, the estimand takes the mean difference between
the potential outcomes for units in a treated condition and units in a control condition.
my_estimand <- declare_estimand(ATE = mean(Y_Z_1 - Y_Z_0))
A The answer strategies are functions that use information from realized data and the design,
but do not have access to the full schedule of potential outcomes. In the declaration we
associate estimators with estimands and we record a set of summary statistics that are
required to compute diagnostic statistics. In the example below an estimates function takes
data and returns an estimate of a treatment effect using regression as well as a set of
associated statistics, including the standard error, p-value, and the confidence interval.
my_estimator <- declare_estimand(Y ~ Z, estimand = my_estimand)
We then declare the design, which in this case primarily describes the order of the features,
though it could include other changes to the data such as subsetting or adding variables.
my_design <- declare_design(
my_population,
my_potential_outcomes,
my_estimand,
my_sampling,
my_assignment,
my_estimator)
These six features represent the study. In order to assess the completeness of a declaration and
to learn about the properties of the study, we also define functions for the diagnostic statistics,
tpD, Y, f q, and diagnosands, θpD, Y, f , gq. For simplicity, the two can be coded as a single function.
For example, to calculate the bias of the design as a diagnosand is:
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diagnosand <- declare_diagnosands(bias = mean(est - estimand))
These eight functions could be written in many code languages. In the companion software
for this paper, DeclareDesign (Blair et al., 2016a), we implement it for the widely-used R platform.
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S1. Diagnoses for the Examples in Sections 3.1 and 3.3
The code examples can be downloaded from the internet and run using the free, open source
statistical package R. First, install the DeclareDesign software as follows:
install.packages("DeclareDesign", dependencies = TRUE,
repos = c("http://R.declaredesign.org", "https://cloud.r-project.org"))
Code for running the examples is below. Further details on the R software package, including
other examples and documentation, can be found at declaredesign.org.
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S1.1 Process tracing
population <- declare_population(
N = 200,
type = sample(c('A','B','C','D'), N, TRUE),
X = rbinom(N, 1, .7),
K = ifelse(X == 1 & type == 'B', rbinom(1, 1, .2), 0),
Y = (type == 'A' & !X) | (type == 'B' & X) | (type == 'D'))
sampling <- declare_sampling(
sampling_function = function(data) {
eligible_cases <- with(data, which(X & Y))
return(data[sample(eligible_cases, 1), ])})
estimand <- declare_estimand(is_B = type == 'B')
estimator <- declare_estimator(
estimator_function = function(data) {
with(data, data.frame(guess = ifelse(K, 1, .5), K_seen = K))},
estimand = estimand)
process_tracing_diagnosands <- declare_diagnosands(
truth = mean(estimand),
mean_guess = mean(guess),
bias = mean(guess - estimand),
bias_given_K_seen = mean(guess[K_seen] - estimand[K_seen]),
bias_given_no_K_seen = mean(guess[!K_seen] - estimand[!K_seen]))
process_tracing <- declare_design(
population, sampling, estimand, estimator)
process_tracing_diagnosis <- diagnose_design(
process_tracing, diagnosands = process_tracing_diagnosands, bootstrap = FALSE,
sims = sims)

estimand_label
estimator_label
truth
mean_guess
bias
bias_given_K_seen
bias_given_no_K_seen
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is_B
my_estimator
0.51
0.55
0.04
-0.5
0.04

S1.2 Matching
library(Matching)
population <- declare_population(
N = 1000, X1 = rnorm(N), X2 = rnorm(N), X3 = rnorm(N))
potential_outcomes <declare_potential_outcomes(formula = Y ~ X1 + X2 + X3 + Z)
assignment <- declare_assignment(
assignment_function = function(data) {
prob <- with(data, pnorm(X1 + X2 + X3))
data$Z <- rbinom(nrow(data), 1, prob)
return(data)})
estimand <- declare_estimand(att = mean(Y_Z_1[Z == 1] - Y_Z_0[Z == 1]))
estimator_d_i_m <- declare_estimator(Y ~ Z, estimand = estimand, label = "dim")
estimator_m <- declare_estimator(
estimator_function = function(data) {
match_out <- with(data, Match(Y = Y, Tr = Z, X = cbind(X1, X2, X3)))
return(data.frame(
coefficient_name = NA,
est = match_out$est,
se = NA,
p = NA,
ci_lower = NA,
ci_upper = NA))},
estimand = estimand,
label = "matching")
matching <- declare_design(
population,
potential_outcomes,
assignment,
estimand,
reveal_outcomes,
estimator_d_i_m,
estimator_m)
matching_diagnosis <- diagnose_design(
matching, diagnosands = declare_diagnosands(bias = mean(est - estimand)),
bootstrap = FALSE, sims = sims)

estimand_label
estimator_label
bias

att
dim
2.39
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att
matching
0.52

S1.3 Regression Discontinuity
cutoff <- .5
control <- function(X) {
as.vector(poly(X, 4, raw = T) %*% c(.7, -.8, .5, 1))}
treatment <- function(X) {
as.vector(poly(X, 4, raw = T) %*% c(0, -1.5, .5, .8)) + .15}
population <- declare_population(
N = 1000,
X = runif(N,0,1) - cutoff,
noise = rnorm(N,0,.1),
Z = 1 * (X > 0))
potential_outcomes <- declare_potential_outcomes(
Y_Z_0 = control(X) + noise,
Y_Z_1 = treatment(X) + noise)
estimand <- declare_estimand(LATE = treatment(0) - control(0))
estimator <- declare_estimator(
formula = Y ~ poly(X, 4) * Z,
model = lm,
estimand = estimand)
rdd <- declare_design(
population, potential_outcomes, estimand, reveal_outcomes, estimator)
rdd_diagnosis <- diagnose_design(rdd = rdd, bootstrap = FALSE, sims = sims)

estimand_label
estimator_label
bias
rmse
power
coverage
mean_estimate
sd_estimate
type_s_rate
mean_estimand
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LATE
my_estimator
-0.05
0.89
0.05
0.95
0.1
0.89
0.02
0.15

S1.4 Experimental Design
multi_arm_template <function(N, beta_1 = 0, beta_2 = 0, beta_3 = 0, n_conditions = 3) {
population <- declare_population(noise = rnorm(N), N = N)
potential_outcomes <- declare_potential_outcomes(
Y_Z_0 = noise,
Y_Z_1 = beta_1 + noise,
Y_Z_2 = beta_2 + noise,
Y_Z_3 = beta_1 + beta_2 + beta_3 + noise)
assignment <- declare_assignment(condition_names = 0:n_conditions)
estimand <- declare_estimand(main_effect = mean(Y_Z_1 - Y_Z_0))
estimator <- declare_estimator(formula = Y ~ Z1 + Z2,
coefficient_name = "Z1",
model = lm_robust,
estimand = estimand)
return(declare_design(population,potential_outcomes, assignment,
mutate(Z1 = as.numeric(Z %in% c(1, 3)),
Z2 = as.numeric(Z %in% c(2, 3))),
reveal_outcomes, estimator, estimand))}
designs <- quick_design(multi_arm_template,
N = 500,
beta_3 = seq(0, 0.5, length.out = 10),
n_conditions = 2:3)
diagnoses <- diagnose_design(designs, sims = k, bootstrap = FALSE)

design_ID

estimand_label

estimator_label

design_1
design_2
design_3
design_4
design_5
design_6
design_7
design_8
design_9
design_10
design_11
design_12
design_13
design_14
design_15
design_16
design_17
design_18
design_19
design_20

main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect
main_effect

my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
my_estimator
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bias

rmse

power

interaction

0.023
0.004
-0.007
-0.007
0.018
0.005
-0.003
-0.006
0.017
-0.015
0.003
0.040
0.079
0.087
0.095
0.135
0.153
0.190
0.226
0.260

0.108
0.101
0.113
0.104
0.106
0.115
0.117
0.114
0.099
0.104
0.092
0.096
0.129
0.121
0.130
0.158
0.180
0.209
0.244
0.274

0.04
0.01
0.06
0.01
0.02
0.08
0.06
0.07
0.04
0.06
0.06
0.06
0.18
0.16
0.18
0.27
0.36
0.58
0.71
0.84

0.000
0.056
0.111
0.167
0.222
0.278
0.333
0.389
0.444
0.500
0.000
0.056
0.111
0.167
0.222
0.278
0.333
0.389
0.444
0.500

S1.5 Descriptive Inference
population <- declare_population(
N = 1000,
latent_voting = rnorm(N),
latent_HRC_support = .1 * latent_voting + rnorm(N) - .1,
voter = rbinom(N, 1, prob = pnorm(latent_voting)),
HRC_supporter = rbinom(N, 1, prob = pnorm(latent_HRC_support)),
likely_voter = rbinom(N, 1, prob = pnorm(latent_voting - 2)))
estimand <- declare_estimand(true_support = mean(HRC_supporter[voter == 1]))
estimator <- declare_estimator(HRC_supporter ~ 1,
model = lm,
subset = (likely_voter == 1),
coefficient_name = "(Intercept)",
estimand = estimand)
descriptive_inference <- declare_design(population, estimand, estimator)
descriptive_inference_diagnosis <- diagnose_design(
descriptive_inference = descriptive_inference,
diagnosands = declare_diagnosands(bias = mean(est - estimand)),
sims = sims,
bootstrap = FALSE)

estimand_label
estimator_label
bias

7

true_support
my_estimator
0.02

S1.6 Bayesian Descriptive Inference
population <- declare_population(
N = 1000,
noise = rnorm(N, -.1, .05),
prob_success = pnorm(noise),
success = rbinom(N, 1, prob_success))
sampling <- declare_sampling(n = 10)
estimand <- declare_estimand(success_prob = mean(prob_success))
beta_binom <- function(data,alpha_0,beta_0){n_successes <- sum(data$success)
n_trials <- length(data$success)
alpha <- n_successes + alpha_0 - 1
beta <- n_trials - n_successes + beta_0 - 1
post <- dbeta(seq(0,1,0.005),alpha,beta)
return(data.frame(
post_mean = alpha / (alpha + beta),
prior_mean = alpha_0 / (alpha_0 + beta_0),
post_sd = sqrt((alpha*beta)/(((alpha+beta)^2)*(alpha+beta+1))),
prior_sd = sqrt((alpha_0*beta_0)/(((alpha_0+beta_0)^2)*(alpha_0+beta_0+1)))))}
estimator_flat_priors <- declare_estimator(estimator_function = beta_binom,
alpha_0 = 1,
beta_0 = 1,
estimand = estimand,
label = "flat priors")
estimator_info_priors <- declare_estimator(estimator_function = beta_binom,
alpha_0 = 10,
beta_0 = 10,
estimand = estimand,
label = "informative priors")
bayesian_design <- declare_design(population,
estimand,
sampling,
estimator_flat_priors,
estimator_info_priors)
diagnosands <- declare_diagnosands(mean_est = mean(post_mean),
mean_sd = mean(post_sd),
bias = mean(post_mean - estimand),
mean_shift = mean(post_mean - prior_mean),
sd_shift = mean(post_sd - prior_sd))
bayesian_estimation_diagnosis <- diagnose_design(
bayesian_estimation = bayesian_design,
diagnosands = diagnosands,
bootstrap = FALSE,
sims = sims)

estimand_label
estimator_label
mean_est
mean_sd
bias
mean_shift
sd_shift

success_prob
flat priors
0.46
0.14
0.00
-0.04
-0.15
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success_prob
informative priors
0.48
0.09
0.02
-0.02
-0.02

S1.7 Discovery
population <- declare_population(income = runif(N),
education = income + 0.25 * runif(N),
noise = runif(N),
Y = .5 * income + .5 * education + noise,
N = 500)
estimand <- declare_estimand(true_income_effect = 0.5)
estimator_right <- declare_estimator(formula = Y ~ income + education,
coefficient_name = "income",
model = lm,
estimand = estimand,
label = "right model")
estimator_wrong <- declare_estimator(formula = Y ~ income,
coefficient_name = "income",
model = lm,
estimand = estimand,
label = "wrong model")
estimator_split_sample <- declare_estimator(
model = function(data) {
split_sample <- sample(0:1, nrow(data), replace = T)
train <- data[split_sample == TRUE,]
test <- data[split_sample == FALSE,]
explorations <list(lm(Y ~ income, data = train),
lm(Y ~ income + education, data = train),
lm(Y ~ income + education + income * education, data = train))
exploration_best <- explorations[[which.min(sapply(explorations, AIC))[1]]]
exploration_test <- lm(formula(exploration_best), data = test)
return(exploration_test)},
coefficient_name = "income",
estimand = estimand,
label = "split sample")
discovery <- declare_design(
population, estimand, estimator_right,estimator_wrong, estimator_split_sample)
discovery_diagnosis <- diagnose_design(
discovery = discovery, sims = sims, bootstrap = FALSE)

estimand_label
estimator_label
bias
rmse
power
coverage
mean_estimate
sd_estimate
type_s_rate
mean_estimand

true_income_effect
right model
0.00
0.19
0.77
0.95
0.50
0.19
0
0.5

true_income_effect
split sample
0.13
0.35
0.60
0.70
0.63
0.32
0
0.5

9

true_income_effect
wrong model
0.50
0.50
1.00
0.00
1.00
0.05
0
0.5

S1.8 Model based estimands
population <- declare_population(N = 10, u = rnorm(N))
potential_outcomes <- declare_potential_outcomes(
Y_Z_1 = 0 + u,
Y_Z_2 = 3 + u,
Y_Z_3 = 4 + u)
estimand <- declare_estimand(
estimand_function = function(data) {
YY <- with(data, c(Y_Z_1, Y_Z_2, Y_Z_3))
XX <- rep(1:3, each = nrow(data))
return(coef(lm(YY ~ XX))[2])},
label = "beta")
assignment_equal <- declare_assignment(condition_names = 1:3,
prob_each = c(1, 1, 1) / 3)
assignment_unequal <- declare_assignment(condition_names = 1:3,
prob_each = c(.4, .4, .2))
estimator <- declare_estimator(formula = Y ~ Z,
model = lm_robust,
estimand = estimand,
label = "ols")
model_estimand_equal <- declare_design(population,
potential_outcomes,
estimand,
assignment_equal,
reveal_outcomes,
estimator)
model_estimand_unequal <- declare_design(population,
potential_outcomes,
estimand,
assignment_unequal,
reveal_outcomes,
estimator)
model_based_estimand_diagnosis <- diagnose_design(
model_estimand_equal = model_estimand_equal,
model_estimand_unequal = model_estimand_unequal,
bootstrap = FALSE,
sims = sims)

design_ID
estimand_label
estimator_label
bias
rmse
power
coverage
mean_estimate
sd_estimate
type_s_rate
mean_estimand

model_estimand_equal
beta
ols
-0.01
0.40
0.98
0.95
1.99
0.40
0
2
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model_estimand_unequal
beta
ols
0.13
0.44
0.97
0.96
2.13
0.42
0
2

S2. Further details on survey of design tools
This section describes the construction of the working example used in the research design tool
survey, as well as the method used to search for tools to include in the survey, the criteria by
which tools were admitted for inclusion into the survey, and the rules for coding the outcomes
of this survey. In the online appendix we provide the raw data from the survey, including an
overview of the tools considered for inclusion and the reasons for their eventual exclusion, as
well as an archive of screenshots of all of the tools included in the survey itself.

S2.1 Working Example
A researcher wants to learn the average treatment effect of door-to-door campaigning on attitudes toward a prominent political issue, taking the entire adult population of the city as the
population of interest. Her budget allows her to select five city blocks in which to conduct the
campaign, and in each block to randomly assign ten households to the campaign and the rest to
the control. Following the intervention, she plans to conduct a survey among randomly selected
members of the households in the five study blocks in order to measure attitudes toward the
social issue. She compares three estimators: difference-in-means through univariate linear regression (DIM); block-level fixed-effects regression (BFE); and block-level fixed-effects regression
with observations inversely weighted by the probability that they were assigned to the treatment
condition they are in (IPW-BFE).
There are 1000 city blocks to choose from, each of which contains exactly 25 or 50 households, with the j’th block size distributed categorically, n j „ Catpt25, 50u, t.5, .5uq. Thus, the size
of the sample varies as a function of which five city blocks the researcher randomly samples.
Specifically, the expected sample size of the study is N “ 5 ˆ Erns “ 5 ˆ 37.5 “ 187.5.
Denoting the treatment variable Z P t0, 1u, the i’th household respondent’s potential outcomes are determined by the following system of equations
yi “ Zi α j ` ei ,

(1)

with

α j „ Np

nj
, .1q
100

Zi „ Binp

10
q
nj

ei „ Np0, 1q.

(2)

Note that the size of the block determines respondents’ potential outcomes and their probability of assignment to treatment. Specifically, the two are negatively correlated: the larger the
respondent’s block, the higher her treated potential outcome and the lower her probability of
being assigned to the intervention.
The research design is declared and diagnosed using the following code:
set.seed(1:7)
population <- declare_population(
block = level(N = 1000,
block_size = sample(c(25, 50), N, TRUE),
block_effect = rnorm(N, block_size / 100, .1)
),
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individual = level(N = block_size,
noise = rnorm(N)))
potential_outcomes <declare_potential_outcomes(formula = Y ~ block_effect * Z + noise)
sampling <- declare_sampling(clust_var = block, n = 5)
assignment <- declare_assignment(block_var = block, m = 10)
estimand <- declare_estimand(ATE = mean(Y_Z_1 - Y_Z_0))
dim <- declare_estimator(Y ~ Z,
model = lm_robust,
label = "DIM",
estimand = estimand)
bfe <- declare_estimator(Y ~ Z + block,
model = lm_robust,
label = "BFE",
estimand = estimand)
ipw_bfe <-declare_estimator(
Y ~ Z + block,
model = lm_robust,
label = "IPW-BFE",
weights = 1 / Z_cond_prob,
estimand = my_estimand)
design <- declare_design(
population, potential_outcomes, my_estimand, sampling, assignment,
reveal_outcomes,
dim, bfe, ipw_bfe)
set.seed(1:7)
diagnosis <- diagnose_design(design, sims = 1000, bootstrap = FALSE)
This code produces the following diagnosis of the design:
estimand
PATE
PATE
PATE

estimator
BFE
DIM
IPW-BFE

bias
-0.027
-0.043
-0.007

rmse
0.186
0.185
0.186

power
0.598
0.581
0.717

coverage
0.930
0.927
0.884

Mean est.
0.383
0.366
0.403

SD est.
0.184
0.180
0.186

type-s rate
0.000
0.000
0.000

mean_estimand
0.409
0.409
0.409

Table S13: Bias, RMSE, power and coverage of design in working example.

Table S13 illustrates that the DIM and BFE estimators are negatively biased: they tend to
underestimate the actual size of the treatment effect. This is because it is rarer for units with
high treated potential outcomes to be assigned to treatment, a feature of the design that is not
taken into account at all by the DIM estimator, and only through the estimation of a difference
in intercepts by the BFE estimator. The IPW-BFE estimator has bias much closer to 0 because it
reweights the data to take account of the lower probability with which units in larger blocks are
assigned to treatment.
However, the IPW-BFE does not perform strictly better than the BFE estimator in this case.
While its power is much higher (72% vs. 58%), this does not result from better efficiency: in
fact, the standard deviation of the estimate is higher for the IPW-BFE as a result of the variance
introduced by the re-weighting. As the coverage shows, the increased power appears to derive
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in part from biased variance estimates: the standard errors produced by the IPW-BFE estimator
are too small, giving a coverage probability of .88, vs. the more correct coverage probability of
the BFE estimator (.93).
In the following sections, we describe the methods by which we sought to assess the ability
of available research tools to diagnose these features of the working example design.

S2.2 Search Method
The survey sought to identify computational tools to diagnose the power and bias of the working example design described above. In terms of the identification criteria, we considered any
software that promised to design and diagnose prospective research as a candidate for the survey.
We used two principle methods to search for candidates. First, we entered the search terms
statistical power calculator'' andsample size calculator” into the Google web search engine, using an incognito browser window in Google Chrome. We assessed the first 30 results
using these terms. Second, we assessed the tools listed in four reviews of the literature, namely
Kreidler et al. (2013), Guo et al. (2013), Groemping (2016) and Green and MacLeod (2016).
Using these two methods, we identified 143 candidate tools.

S2.3 Admissability Criteria
From the 143 candidate tools, we admitted 30 into the survey. We only admitted those tools
that were specifically promised to calculate power or bias in a general purpose way, or in a way
that was tailored to the working example. In other words, we excluded tools that were able
to calculate power or bias but only for very specific designs that could not accommodate the
working example. For instance, the R package ThreeArmedTrials was a candidate for inclusion
because it was listed in the literature review by Groemping (2016) and promised to calculate
power of experimental designs. However, because the tool was specifically set up to calculate
the power of clinical non-inferiority or superiority trials, we excluded it from consideration in
the survey. We also excluded research tools that serve to design research but are not set up to
diagnose power or bias. For example, the experiment package is set up to design and analyze
treatment effects in randomized experiments, but does not provide means for calculating power
or bias of designs.

S2.4 Coding Rules
Tools that were included in the survey were coded according to what information on a design
they employed to calculate diagnosands (principally bias and power). Some tools accommodated
information on design aspects (i.e., block sizes) but did not use this information in the calculation
of diagnosands. Tools were only coded as employing a given piece of information if it was
included in the calculation of diagnosands.
• Effect sizes: When rounded to the third decimal place, the PATE is « .406 with a standard
deviation of 1.01, producing a Cohen’s d of approximately .4. Thus, when a tool asked for
an effect size without specifying what kind of effect, we entered a value of .4. Sometimes
tools require an expression of the effect size in terms of Cohen’s f 2 . Unlike Cohen’s d,
the calculation of the f 2 requires that effects be specified in the context of a multivariate
regression, and is thus difficult to calculate a priori. To calculate the f 2 in this context, we
use the companion software to generate 500 R2 under the full (block FE + treatment) and
restricted (block FE only) models, and take the average of the f 2 . This is perhaps overly
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generous to the assessed tools, as the f 2 estimated in this way encodes important design
information that the tools do not ask for (such as the assignment probabilities).
• Heterogeneous block sizes: 1 if tool allows user to specify that units are organized into groups
of different sizes, 0 otherwise.
• Effect sizes correlated with block sizes: 1 if tool allows user to specify that effects are correlated
with group size, 0 otherwise.
• Non-constant variance control vs. treatment: 1 if tool allows for different variances in treatment
vs. control, 0 otherwise.
• Estimand: 1 if tool allows user to formally define estimand as the Population Average Treatment Effect, 0 otherwise.
• Sampling strategy: 1 if tool allows user to specify anything about the strategy via which
units are selected from the population into the sample, 0 otherwise.
• Assign m within blocks: 1 if tool allows users to specify that exactly m units will be assigned
to treatment in the j’th block, 0 otherwise.
• Inverse-probability weights: 1 if tool allows users to specify that observations will be weighted
by the inverse of their conditional assignment probability during estimation of effects, 0
otherwise.
• Block fixed-effects: 1 if tool allows users to specify that a block-level fixed-effect will be
estimated, 0 otherwise.
• Covariate adjustment: 1 if tool allows users to account for conditioning on covariates, 0
otherwise.
• Power of DIM: the estimated power of the difference-in-means estimator if the tool is able
to estimate it, NA otherwise.
• Power of BFE: the estimated power of the block fixed-effects estimator if the tool is able to
estimate it, NA otherwise.
• Power of IPW-BFE: the estimated power of the inverse probability-weighted block fixedeffects estimator if the tool is able to estimate it, NA otherwise.
• Bias: the estimated bias of any of the estimators if the tool is able to estimate it, NA otherwise.
• Coverage: the estimated coverage of any of the estimators if the tool is able to estimate it,
NA otherwise.
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