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ocial scientists have long recognized that null results are important and have even developed theories that 
predict null relationships (Rainey, 2014). If only statistically significant results appear in our journals, we 

risk creating a skewed perception of social reality. For example, suppose that a dozen studies have estimated 
the effect of sending SMS reminders on citizens’ likelihood of paying a fine on time. If half of these studies 
find positive effects and half find null effects but the null results are never published, the published scholarly 
record may convey to policymakers and scientists alike an overstated optimism about the potential for SMS 
reminders to generate socially desirable outcomes.1 In the context of meta-analytical methods, scholars often 
discuss how the existence of unpublished null results sitting in the proverbial “file drawer” can bias meta-
analytical estimates of effect sizes. Formal methods for assessing publication bias have been developed and are 
widely used in meta-analyses. However, it is unclear whether we can reliably adjust estimates for publication 
bias, given limitations of such methods (Carter et al., 2019). Thus, scholars have argued that a better solution 
is to track down results from the “grey literature” of unpublished studies to create better meta-analytical 
estimates (Ringquist, 2013; Page et al., 2021). Despite this recognition of the need to make null results part of 
the scholarly record, null results are famously difficult to publish, and tools that aid in evaluating null results—
such as equivalence testing and the Bayes factor—remain underutilized. 

 “Null results” generally refer to studies in which one fails to reject a null hypothesis of no effect for 
the key relationship(s) being examined.2 By contrast, “positive results” refer to studies where a null hypothesis 
of no effect is rejected. While we join many other scholars in arguing that null results can be important, we also 
acknowledge that the informational value of a study with null results can vary substantially. Just as a study with 
positive findings will carry more weight if it is well-designed, a study with null findings will prove more 
informative if it is well-designed. 
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Abstract: Despite widespread acknowledgement of the importance of disseminating null results, researchers 
often struggle to successfully publish null findings. One common criticism leveled against such findings is that 
null results could be driven by design factors like inadequate sample size or measurement error. In this essay, 
we provide an overview of several tools and practices that researchers can implement, both during the design 
stage and during post-hoc analysis, to make null results more credible. Specifically, as researchers design their 
studies, they can make use of power analysis and preregistration, while taking care to follow best practices for 
variable measurement and—in the case of experimental studies—manipulation checks. During the analysis 
stage, researchers can move beyond “failing to reject the null hypothesis” by using confidence intervals, 
equivalence tests (such as the two one-sided tests (TOST) procedure), or Bayesian statistical approaches such 
as the Bayes Factor. 
 
Keywords: Null findings, Research design, Power analysis, Preregistration, Equivalence 
 

Journal of Behavioral  
Public Administration  

Vol 8, pp. 1-14 
DOI: 10.30636/jbpa.81.404 

Nathan Favero*, Paolo Belardinelli†, Ling Zhu**, Joanna Lahey†† 

 

Making Null Results Credible: 

An Overview of Design and Analytical Tools 

* American University, † Indiana University, ** University of Houston, †† Texas A&M University 

Address correspondence to Nathan Favero at favero@american.edu. 
Copyright: © 2025. The authors license this article under the terms of the Creative Commons Attribution 4.0 
International License. 

 

 



Favero et al., 2025 

 

2 
 

Beyond general design issues, the ideal null result is one that is precisely estimated, with a small standard 
error (often shown as a narrow confidence interval around the point estimate). Unlike precise nulls, a null result 
based on an estimate with a very large standard error tells us little about the effect or association of interest.3 
Put differently, one reason results can be null is that the sample size is too small to let us conclude much of 
anything empirically. 

More broadly, there are several reasons that one might find null results. The first is that the true effect 
size or association of interest may have a near-zero value. We refer to this as a “true null,” meaning that the 
null hypothesis of no effect/association is true (or at least approximately true, such as when a true effect size is 
non-zero but negligible in size). 

As already alluded to, however, a true null is not the only reason one might find a null result. Another 
common reason for null results is a lack of statistical power (due to too small a sample size, too little variation 
in the independent variable(s), and/or too much unexplained variation in the dependent variable). This is 
perhaps the most widely acknowledged reason that null results might not reflect a “true null.” Yet there is an 
ongoing problem of authors treating null results as evidence of no effect without adequately considering 
whether estimates are precise enough to rule out effects of a substantial size (Rainey, 2014; Fitzgerald, 2025). 
Thus, null findings are often misinterpreted due to an incomplete appreciation for the fact that they can be 
driven by insufficient statistical power. 

Potentially misleading null results may also occur due to a number of research design issues, such as 
poor measurement of key variables or failure of an experimental treatment to succeed in manipulating the 
independent variable of interest. Kane (2025) provides a nice inventory of reasons that null effects may occur 
within experimental designs. Observational research is equally vulnerable to null effects driven by poor research 
design, which can obscure substantively meaningful relationships among variables. Null results can also occur 
because of poor modeling choices (e.g., inefficient estimators) or bad luck (even well-powered studies 
occasionally fail to detect effects). 

We also note that the importance of null results will depend on the importance of the research question 
being asked, just as with positive results. There are many unrelated variables whose lack of a relationship is 
substantively uninteresting. Thus, researchers disseminating null results should be deliberate in explaining why 
their research question and its null finding are important. While assessing the importance of research questions 
requires subjectivity, perceived importance nonetheless drives many decisions about how to prioritize attention 
and resources in the scientific community. We do not argue that by embracing the (potential) importance of 
null results, we should ignore other criteria for judging the importance of research questions. At the same time, 
we acknowledge the practical reality that one barrier to publishing null results is that reviewers and editors may 
be less likely to judge a research question as important if a study’s hypotheses ultimately go unsupported 
empirically. Whether this reasoning has any legitimate basis is perhaps a matter of controversy (e.g., one might 
reasonably argue that an unsupported theory is less important than a supported theory). But certainly, many 
null results are important—particularly ones that are credibly estimated with reasonable precision and help 
answer a research question of scientific or practical importance. 

The aim of this paper is to consider how researchers can best evaluate, interpret, and explain results 
that are potentially important but statistically insignificant. We review a number of practical tools that 
researchers can use both at the pre-hoc design stage and post-hoc in order to make their results more credible 
and their analyses more rigorous. While many of the practices we outline can be beneficial to any study—
including ones with positive results—our particular focus is on how these tools may be useful in applications 
where results turn out to be null. 
 

A Foundational Concept: Smallest Effect Size of Interest (SESOI) 
 
Before discussing specific tools for null results, we first introduce an important concept we will repeatedly 
reference: the smallest effect size of interest (SESOI). Underlying this concept is the notion that what we care 
about is not just whether an effect size or association is non-zero but rather whether it is large enough to be 
considered substantively meaningful. Assessing whether an effect of a given magnitude should be considered 
“meaningful” as opposed to “negligible” (using the language of Rainey, 2014) requires subjective judgement, 
and credible evaluation will typically require drawing on subject-matter expertise (see Anderson, 2019). To 
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facilitate precision and formal testing, it can be helpful to identify a specific threshold as the smallest effect 
size of interest (Lakens, 2017). For example, with a dependent variable that is a proportion, one might argue 
that any effect (positive or negative) with a magnitude of at least five percentage points is considered 
meaningful, while anything smaller should be considered insubstantial. Or, researchers can use standardized 
effect sizes, “small,” “medium,” and “large” from Cohen (1992) (e.g., Cohen’s d for differences in means, 
Cohen’s w for χ2) or based on prior studies. For example, Cohen’s d is the difference of means divided by the 
standard deviation, and he defines small, medium, and large effect sizes as d < 0.20, 0.50, and 0.80, 
respectively, based on psychology studies. Matthay et al. (2021) provide similar analytic formulas and 
small/medium/large effect sizes for additional tests (e.g., Relative Risk). Highhouse and Brooks (2023) argue, 
however, that benchmarks for effect sizes have generally been set too high (by Cohen), at least for studies of 
behavioral outcomes; more realistic benchmarks might be found from meta-analyses of existing studies, and 
Lenth (2001) argues that Cohen’s d ignores precision of measurement. More broadly, the number of standard 
deviations apart may not be meaningful for policy makers who prefer an effect size that they consider to be 
small, medium, or large from a policy standpoint (e.g., dollars, lives saved). A key challenge in drawing 
conclusions of meaningful null effects is persuading the reader that one has reasonably identified a threshold 
for small or near-zero effects (for further advice, see Peetz et al., 2024). 
 

Power Analysis 
 

We first turn to design choices that can increase believability, should researchers find null results. Statistical 
power refers to the probability of correctly rejecting a false null hypothesis—that is, the probability of 
detecting an effect when the effect exists.4 Underpowered null results may be insignificant, not because there 
is no true effect, but because the sample size is too small to detect the true effect. Of course, concerns related 
to null findings are not the only reason that power is important. Studies with low power also are more likely 
to provide inflated estimated effect sizes and to have wrong-signed estimates (Bagilet, 2024; Black et al., 2022; 
Campos-Mercade, 2024; Doucette, 2025; Egerod & Hollenbach, 2024; Gelman & Carlin, 2014; Kaestner, 
2021; Matthay & Glymour, 2022). But for the purposes of this paper, we are interested in power’s 
relationship to null findings. Analytic and simulated methods that measure power can help interpret null 
results. 

Power analysis can be used a priori in experiments (or other data collection) to determine the 
minimum sample size needed for the experiment to be “fully powered,” thus lending more credibility to null 
findings. Power analysis is also useful in non-experimental work. Power calculations or simulations can 
determine what size of effects are powered in previously collected datasets for a given level of significance 
(alpha). For example, a dataset and analysis method may be only powered to find large effects, meaning that a 
null result could be hiding a true small or medium effect, but is less likely to be hiding a true large effect. A 
different dataset or analysis method could be powered to find small effects, making a null result more 
meaningful. Additionally, a null finding when the measured power is 80% or higher (for the effect size of 
interest) is more meaningful than a null finding with less power (Campos-Mercade, 2024). While power 
analysis can be done on data that have already been collected, it is important to use a priori theorized effect 
sizes, not the estimated effect sizes from data analysis (Black et al., 2022; Hoenig & Heisey, 2001; Lenth, 
2001). 

Power analysis can be done through closed-form analytic methods or via simulation. Analytic power 
analysis is often used for experiments with simple empirical designs. To use an analytic method, assumptions 
need to be made about power, statistical significance, and effect sizes. Generally, researchers assume a power 
of 80% or more and an alpha of 0.05, although some journals, such as Nature Human Behavior, now require a 
power of 95% or more.5 

After determining the appropriate effect size, using approaches discussed in the earlier SESOI 
section, SESOI measured via policy-relevant units can be converted into Cohen’s d values in order to use an 
analytic sample size program. Having a large enough sample to be powered to detect the smallest policy-
relevant effect size increases the relevance and credibility of null findings. Several programs help with finding 
analytic solutions to sample size calculations. G*Power (Faul et al., 2007) is a popular free program focused 
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on power analysis. Other popular programs include the power command in Stata and pwr in R (Champeley et 
al., 2020). 

Interaction effects deserve additional attention. Simply doubling the necessary sample size when 
trying to determine an interaction effect results in underpowered results. Scholars generally recommend 
heuristics of four to sixteen times the sample size to obtain a fully powered interaction effect (Gelman, 2018; 
Baranger et al., 2023). Baranger et al. (2023) provide the R package InteractionPoweR and detailed information 
on how to incorporate interaction effects in sample size calculations.    

As empirical analyses become more complicated, analytic methods become less tractable, and, in 
some cases, do not have closed-form solutions. Simulated power analysis can be used to measure the power 
for difference-in-differences (DiD) (Bagilet, 2024), staggered DiD (Egerod & Hollenbach, 2024), instrumental 
variables (Bagilet, 2024), and other commonly used analyses (Bagilet, 2024). 

There are several guides to doing power analyses via simulations (Bagilet, 2024; Campos-Mercade, 
2024 is especially user-friendly; Luedicke, 2013). Several user-generated programs also aid researchers with 
simulations. Bagilet (2024) provides simulation code for R, Luedicke (2013) provides powersim and Burlig et al. 
(2020) provides pcpanel for Stata.6   
 
The general idea is as follows: 

1. Either generate synthetic data based on a distribution and specific parameters or use real data. 
2. Randomly manipulate the data to match a “true” hypothesized treatment effect (ex., randomly 

assign treatment = 1 based on the model and hypothesized alpha, randomly assign treatment 
outcome to those in the treatment group). 

3. Run your model on the data, record p-value (or estimate of interest and standard error). 
4. Repeat 1-3 for a pre-specified number of repetitions (ex., 1,000). 
5. Power will be the % of p-values recorded in #3 that are less than your specified alpha (ex., if 

alpha is 0.05, and 800 of the 1000 repetitions have p<0.05, then power will be 80%). 

 
Pre-registration 

 
Another pre-hoc procedure that researchers can do to make their findings, including null findings, more 
believable is to pre-register their analyses. Pre-registration involves storing a document that details a research 
plan in a public repository before the empirical data are collected by the researcher(s). The document usually 
specifies the hypotheses to be tested and includes information about how the data will be collected and 
analyzed. Pre-registration encourages researchers to focus more on sound theory and methodology rather 
than on the statistical significance of results, thereby improving the quality of studies regardless of the 
statistical outcomes. As we detail below, it can increase the value of studies that find null results. 

The practice of pre-registering empirical studies, in particular experiments, has gained popularity 
across disciplines over time, starting from psychology (Strømland, 2019; van den Akker et al., 2024), followed 
by economics (Banerjee et al., 2020; Olken, 2015), management (Toth et al., 2021), political science 
(Monogan, 2015), and sociology (Manago, 2023). Public administration recently joined this movement 
(Belardinelli & Zhu, 2025). 

Pre-registration allows researchers to distinguish confirmatory analysis from exploratory analysis 
(Nosek et al., 2018). Predicted findings are considered more robust than exploratory findings because they 
stem from prior theory and hypotheses established before data collection and are therefore more likely to 
reflect underlying general rules that can be replicated (Sarafoglou et al., 2022; van’t Veer & Giner-Sorolla, 
2016; Wagenmakers et al., 2012). In contrast, exploratory findings that arise from post hoc analyses without 
predefined hypotheses are more susceptible to multiple hypothesis testing concerns, false positives, and p-
hacking with ex post hypotheses developed to fit findings.  

Pre-registration fosters a credible commitment by researchers to a pre-established set of analyses and 
therefore reduces the probability of reporting false positives resulting from multiple tests, which is particularly 
relevant when reported results are significant. However, pre-registration enhances the credibility of both null 
and non-null findings by encouraging researchers to think more carefully about theoretical predictions and 
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methodological choices before data are collected and analyzed. As a result, in pre-registered studies, null 
findings are less likely to stem from poor design or power issues.  

Clearly, researchers may still hesitate to submit, and reviewers to support or editors to publish, 
studies that fail to confirm their pre-registered hypotheses. This is the so-called ‘file drawer problem’ 
(Rosenthal, 1979). In this respect, pre-registration alone cannot fully solve the problem of publication bias. 
However, there is evidence that pre-registered studies are more likely to report null findings than non-pre-
registered ones (Belardinelli & Zhu, 2025; Toth et al., 2021; though c.f. van den Akker et al., 2024), possibly 
because pre-registered studies are generally seen as more credible, even when reporting null findings. 
Ultimately, pre-registration shifts the focus away from the results of individual studies toward thinking in 
terms of expected values, replication, and the mitigation of publication bias. In this way, null findings become 
just as important as positive findings. 

Whereas pre-registration is mostly adopted for experiments (Banerjee et al., 2020; Ofosu and Posner, 
2021), the benefits of this practice can also be realized for non-experimental studies. Clearly, the latter 
involves more challenges, including the need to demonstrate that the hypotheses and analysis plan were 
developed before accessing the data. This is feasible in observational contexts where researchers collect their 
own data (either quantitative or qualitative; Jacobs, 2020), in prospective studies where data will be observed 
in the future (e.g., Neumark, 2001), or when using restricted-access data (Burlig, 2018). 

Belardinelli and Zhu (2025) discuss three conditions for pre-registrations to generate their intended 
benefits: (i) they should be stored before the data are observed; (ii) published pre-registered studies should 
reflect the execution of the preregistered plans as closely as possible; and (iii) deviations from the original 
plans should be transparently reported in the published studies. Nevertheless, these conditions take for 
granted that each pre-registration is properly done, largely overlooking the elements that enhance the quality 
of an individual pre-registration. 

Several researchers across the social sciences have developed guidelines and checklists to help develop a 
good pre-registration (e.g., Banerjee et al., 2020; Chen & Grady, 2019; McKenzie, 2012; Van't Veer & Giner-
Sorolla, 2016), and reporting standards have been established for different types of studies, such as SPIRIT 
for trials (Moher and Chan, 2014) and PRISMA-P for systematic reviews and meta-analyses (Shamseer et al., 
2015). While standards for pre-registration differ across fields and are still being debated, we suggest these 
essential elements: 

1. Hypotheses – These should specify the outcomes of interest (dependent variables), the explanatory 
independent variables, any possible moderating or mediating variables, and the direction of the 
hypothesized effects. 

2. Data collection procedure – For secondary data, it is important to describe the sources and how they were 
obtained. When collecting primary data, the data collection process should be described, along with 
the research instruments used, such as surveys and/or the experimental design. 

3. Measures – It is important to report how each variable will be operationalized and measured. In the 
case of randomized experiments, it is also important to detail the treatments and their levels. 

4. Sample – The pre-registration should report information on the expected sample size and its rationale, 
including power analysis (see the previous section of this paper) and SESOI. 

5. Statistical analysis – The statistical models adopted to test the hypotheses should be specified in the 
pre-registration (for example, OLS, ANOVA, logistic regression models). 

 
Once data are collected, it is important for researchers to specify that the study was preregistered, to 

clearly distinguish preregistered and exploratory analysis, and to transparently report – and justify – any 
deviations from the original plan. Such deviations may arise for several reasons, which Lakens (2024) groups 
into five categories, each with its own implications for the validity of the results: unforeseen events, mistakes 
in the preregistration, missing information, violations of assumptions, and falsification of auxiliary 
hypotheses. Clearly, null findings are not a valid reason for deviating from preregistration. If preregistered 
hypotheses and analyses yield null results, these should still be included in the study. 

The elements outlined here may oversimplify and overlook other relevant aspects. For example, pre-
registering a large number of hypotheses can undermine the value of pre-registration, especially when there is 
no distinction between core and secondary hypotheses (Banerjee et al., 2020) and no statistical correction for 
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multiple tests during data analysis (EGAP website, 2025; see also García-Pérez, 2023). Additionally, in the 
context of statistical analysis, decisions about how to handle missing data, outliers, attrition, and similar issues 
can significantly affect the results. While awareness of such challenges is certainly important, the required 
fields of the main platforms used for pre-registering empirical studies (such as the Open Science Framework 
Registry or the American Economic Association RCT Registry7) cover the elements outlined above and 
provide a foundation for a high-quality pre-registration. The peer-review process would still be in place to 
address any remaining gaps. 

 

Measurement Error and Manipulation Checks 
 
As noted previously, one potential source of null results is measurement error. While measurement error can 
also sometimes cause false positive results, measurement error can easily lead to null results since noisy data 
generally makes it more difficult to detect underlying associations. Stated more formally, random 
measurement error often leads to attenuation bias (biasing of associations toward zero) (McAdams, 1986; 
Jackman, 2008). 

Several design factors can help mitigate potential concerns about measurement error (Kane, 2025). 
When measuring attitudes or complex behaviors through surveys, using multi-item measures is considered 
best practice, since these measures often allow for more precise measurement than single-item variables. In 
some cases, especially when well-established measures of key variables are unavailable, it may also be helpful 
to measure secondary variables that are expected to correlate strongly with key variables of interest. This will 
allow for tests of criterion validity, in which one verifies whether key variables of interest yield the expected 
correlations with related variables. For example, showing readers that the dependent variable has an as 
expected significant relationship with one or more secondary variables (alongside the null result for the main 
independent variable of interest) can build confidence in the validity of the dependent variable’s measurement 
(and perhaps of the data collection more broadly). 

Another tool for considering measurement error in surveys is attention checks, which refer to survey 
questions that test for general attentiveness on a survey. A common example is a survey item where the 
prompt explicitly instructs respondents to select a particular answer (e.g., “Please select strongly agree.”). 
Inattentive respondents are likely to provide unreliable survey responses, subject to measurement error. 

 
Manipulation checks for experimental studies  

For experimental work, a key concern is whether experimental manipulation(s) will succeed in 
altering the key independent variable(s) in the intended manner. Manipulation checks8 involve measuring 
whether respondents have absorbed the experimental manipulation in the expected manner. For example, 
factual manipulation checks involve asking respondents to recall factual information that differed across 
treatment conditions in order to see whether they were attentive to the key information that was part of a 
treatment (Kane & Barabas, 2019). In cases where a clear distinction can be drawn between the manipulation 
itself and the underlying variable one is attempting to manipulate (e.g., anger), it is good to directly measure 
the underlying variable and see whether its value differs by treatment condition (Mutz, 2021). Researchers 
debate whether to administer manipulation checks prior to measurement of the dependent variable (Kane & 
Barabas, 2019), but including such checks after the dependent variable is least likely to raise concerns (Mutz, 
2021). 

Data created through manipulation checks provides informational value, since it can help to narrow 
down potential explanations for why a particular result for the dependent variable was found. However, it is 
generally not appropriate to drop observations from respondents who fail manipulation checks since internal 
validity can be compromised if attrition patterns differ across experimental groups (Mutz, 2021). In contrast, 
screening out respondents based on pre-treatment general attention checks can be appropriate, particularly 
when the dropping protocol has been pre-registered. 

In general, reducing measurement error and providing experimental manipulation checks should be 
considered as necessary, but not sufficient, for the credibility of null results. Researchers should still make 
sure their design is sufficiently powered and consider pre-registration and/or the techniques discussed below. 

 

https://osf.io/
https://osf.io/
https://www.socialscienceregistry.org/
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Confidence Intervals  

 
Our first post-hoc methodology to lend credibility to null effects is the simple confidence interval. Suppose a 
researcher estimates a relationship between variables and finds that all values within the resulting 95% 
confidence interval are smaller in magnitude than the SESOI. This would suggest that the researcher has 
grounds to conclude that there is, at most, only a slight (near-zero, or policy-irrelevant) relationship. 

Confidence intervals will be narrower (making it easier to find precise null results) when an efficient 
estimator is utilized. Thus, one important analytical step is trying to ensure one uses the best estimator, 
considering not only bias but also efficiency. For example, controlling for strong predictors of the dependent 
variable often benefits efficiency of estimation, even if there is no concern about confounding effects (Mutz 
et al., 2019); such modeling choices would ideally be pre-registered. 

For models where confidence intervals are not readily available through analytical computation for 
substantive effect size estimates, such intervals can be created through simulation (Rainey 2014). 

 

TOST 
 

A more formal approach to using confidence intervals in the manner described above is known as the two 
one-sided tests (TOST) procedure—a type of equivalence test (Rainey, 2014; Lakens, 2017). One must first 
identify the SESOI. Then, for a test at the 0.05 alpha level, one would construct a 90% confidence interval 
(the 90% level is somewhat counterintuitive, but this is because a two-sided confidence interval is being used 
to conduct one-sided tests). If the confidence interval doesn’t contain any values with an absolute value 
greater than the SESOI, one concludes that there is evidence of equivalence (a negligible effect). 

While use of confidence intervals for TOST is sound, one can also obtain precise p-values for an 
equivalence test, using readily available packages in mainstream statistical software (e.g., TOSTER in R 
(Lakens & Caldwell, 2025), tost in Stata (Dinno, 2024)). It is also possible at the design stage to conduct power 
analysis for TOST, ensuring the sample size is large enough to conclude a negligible effect under the 
assumption of a true null (Lakens, 2017). 

We note that there is some potential overlap between power analysis and the use of equivalence 
testing. Indeed, early practice for establishing evidence of equivalence or near-zero effects sometimes took 
the form of what has been called the “power approach,” which consisted of checking for non-significance 
alongside high statistical power (see Meyners, 2012). More recent guidance, however, typically recommends 
making use of formal equivalence tests such as TOST or Bayesian approaches (Hoenig & Heisey, 2001; 
Lakens, 2017; Fitzgerald, 2025). 

 
Bayesian Hypothesis Testing and the Bayes Factor 

 
Bayesian hypothesis testing provides another alternative approach for evaluating hypotheses. It uses the 
probability of parameters of interest to evaluate the evidence for or against a hypothesis. The classic null 
hypothesis significance test (NHST) relies on the use of a p-value, defined as the probability of a test statistic 
that is at least as extreme as the observed one under the null hypothesis. In contrast to NHST, Bayesian 
hypothesis testing directly evaluates the probability of each hypothesis given the observed data. The Bayesian 
approach also allows flexibility in formulating the null hypothesis, such as defining a null region rather than a 
single null quantity (i.e., an effect of zero). 

A key feature of the Bayesian approach is the incorporation of prior knowledge through prior 
distributions for the quantity of interest. In practice, one can specify a prior distribution of a given parameter 
value using published results from the existing literature (see, for example, Gill & Witko, 2013). Referred to as 
informative priors, these prior specifications may influence the estimation of the posterior distribution, 
especially when data are limited. One can also choose to use an uninformative prior (such as the uniform 
distribution), which will have minimal influence on the posterior distribution.9 The Bayesian approach 
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produces full posterior distributions of parameter values based on observed data and prior distributions by 
the following steps (for examples of how to use and report Bayesian hypothesis testing, see Fienberg, 2011; 
Gill and Witko, 2013; Dienes, 2021). 

1. For a specific hypothesis, define the prior distribution of the parameter of interest.  
2. Derive the posterior distribution of parameter values from data.  
3. Construct credible intervals. 
4. Accept (or reject) the point-specific hypothesis (e.g., a hypothesis of null effects) based on the 

distributional quantiles and the probability statements about the posterior distributions (Gill & 
Witko, 2013). 

For example, if one were to test the effect of SMS nudging on citizens’ likelihood of paying a fine on time 
using Bayesian hypothesis testing, one could summarize a posterior distribution and interpret it as the 
probability that the parameter of interest is less than or greater than a specific value. In other words, if a null 
interval can be determined, when a proportion of the posterior distribution (e.g., a 95% credible interval) falls 
in the null interval, then it supports the null hypothesis that the SMS nudging does not have any effect on 
changing citizen behavior (see Harms & Lakens, 2018).  

Bayesian hypothesis testing can also be applied to compare competing and alternative hypotheses, which 
involves the use of the Bayes Factor (Kass & Raftery, 1995). Proposed by Jefferys (1935, 1961), the Bayes 
Factor (BF) is defined as the ratio of the integrated marginal likelihoods of two competing models. Using BF, 
one can calculate the posterior odds under the null hypothesis and the posterior odds under the alternative 
hypothesis. As such, BF can be interpreted as measuring the relative evidence for the two competing 
hypotheses (H0 and Ha), in other words, the relative success of the two competing hypotheses at predicting 
the observed data.10  

With the abovementioned example of SMS nudging, suppose a researcher is to test two competing 
hypotheses about the nudging effect, described as a parameter value b, and consider the SESOI to be 5 

percentage points. Suppose the null intervals are determined as [0,5]. As such, the null hypothesis is that 

𝑏𝐻𝑂 ∈ [0,5], and the competing hypothesis is that bHa<0 or bHa>5. In other words, the null hypothesis 
expects a small positive nudging effect (greater than 0 but less than 5 percentage points), and the alternative 
hypothesis posits that the nudging effect is either greater than 5 or smaller than 0. To compute BF, one will 
start by defining two prior distributions for bH0 and bHa, expressing the probability of the value of b under the 

two hypotheses, given data, D: pH0 = p(b ∈ [0,5]|D) and pHa = p(b <0 or b>5|D). Next, using the same 
data and likelihood function, two posterior distributions are derived for the above-mentioned two 

hypotheses: 𝜋𝐻0 = 𝑝(𝑏 = 𝑏𝐻0) and 𝜋𝐻𝑎 = 𝑝(𝑏 = 𝑏𝐻𝑎). As Gill and Witko (2013, p.10) summarize, BF is 

given as the “posterior odds over the prior odds”: (
𝜋𝐻0 

𝜋𝐻0 
) (

𝑃𝐻0

𝑃𝐻𝑎
⁄ ).  

The estimation of posterior distributions is implemented by using Markov Chain Monte Carlo 
algorithms. Various statistical software provide estimation commands for Bayesian analysis and Bayesian 
hypothesis testing. For example, Stan, a widely used platform for Bayesian analysis, has interfaces for both R 
and Python, through RStan and PyStan, respectively. R has several additional packages supporting Bayesian 
analysis (e.g., package rjags) and Bayesian hypothesis testing (e.g., package BayesFactor). Stata has a suite of 
Bayesian commands, including the bayestest command for Bayesian hypothesis testing and the bayesstats ic 
command for computing BF.   

BF is a more intuitive way of evaluating evidence for the null hypothesis compared to evidence for the 
alternative hypothesis. It addresses many concerns around NHST and the use of p-values in hypothesis 
testing. First, BF is directly constructed based on observed data rather than assumptions about the sample 
and population. Second, using BF, researchers can draw an explicit conclusion about the plausibility of the 
null hypothesis being true. In contrast, when using NHST, we never directly find evidence that the null 
hypothesis is true, only failure to reject it. Moreover, BF directs our attention to the strength of evidence for a 
null effect rather than artificially chosen levels of statistical significance (Morey & Rounder, 2011; Neely, 
2019). As BF is calculated as a ratio, a value greater than 1 indicates there is more evidence supporting the 
null hypothesis over the alternative hypothesis. In addition, BF does not directly incorporate the sample size 
in its calculation.  
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Despite its advantages, there are several caveats and limitations associated with Bayesian hypothesis 
testing and the use of BF. Because the choice of prior distributions is crucial to the estimation process, the 
computation of BF can be sensitive to the subjective choice of prior specifications. There is also a potential 
for computational difficulty when one constructs complex models. Because it involves integrating marginal 
likelihoods, computing BF can be time-consuming or lead to model nonconvergence issues when one 
specifies a model with a large number of parameters and/or hierarchical parameter structures. 
 

Conclusion 
 

Credible null results are important for the progression of knowledge. This paper discusses different methods 
that researchers can use both during the design process and after data have been collected to make null results 
more believable, and thus, hopefully, more publishable. Power analysis and pre-registration can increase 
confidence that null results are not the result of low sample size or running atheoretical analyses. Careful 
experimental design, including attention and manipulation checks, reduces measurement error and helps 
determine that the experimental manipulation was not ignored. A small toolbox of post-hoc methods also 
serves to enhance the credibility of null results. A standard 95% confidence interval can sometimes rule out 
policy-relevant effects. Similarly, an equivalence test called the two one-sided tests (TOST) procedure is 
another way to rule out large effect sizes. Finally, the Bayes Factor can provide evidence directly supporting a 
null hypothesis, rather than simply failing to reject it as with standard null hypothesis testing.  

While the methods we suggest are primarily for researchers to use, we hope that our discussion has 
also helped readers better understand what makes null results more trustworthy, and thus, publishable. There 
are additional systemic steps that could be taken to make it easier or more rewarding for researchers in 
pursuit of knowledge. For example, committing to publish a final paper based on its pre-registration plan (as 
with Neumark, 2001) or coordinating multiple labs to work on problems in which detecting a small but 
practically relevant effect size requires sample sizes that exceed what one team of researchers could practically 
recruit (Klein et al., 2014). We hope that researchers, reviewers, and editors alike find this overview of tools, 
papers, and programs we cite useful for identifying convincing evidence of null findings. 

 

Notes 
 
1. To be precise, the literature in this hypothetical example is likely to offer a misleading picture if the 

unpublished studies tend to have different (smaller) effect size estimates than the published studies; small 
effect size estimates often lead to null results, but results can also be null because of inadequate power. 

2. While the concept of null results emerges out of null hypothesis significance testing (a framework that 
has been widely criticized; see Gill, 1999; Gill & Meier, 2000), a similar issue can occur under alternative 
frameworks. More broadly (and informally), “null results” might be understood to describe studies where 
results indicate that the effect/association of interest may well be zero (e.g., credible intervals that contain 
zero under a Bayesian framework). 

3. There still may be information value from an underpowered study in terms of what the study can tell us 
about the potential for a particular research design or dataset to yield precise estimates, since things like 
random attrition rates or natural variance that affect statistical power may have been difficult to 
anticipate. 

4. This latter explanation assumes the null hypothesis indicates no effect—typical practice in most of social 
science. 

5. See https://www.nature.com/nathumbehav/submission-guidelines/registeredreports . Last accessed 
December 3, 2025. 

6. Stata also provides generalized instructions for using their simulate and power commands together for 
simulated power analysis. https://www.stata.com/support/faqs/statistics/power-by-simulation/ Last 
accessed 6/4/25. 

7. See https://osf.io/ and https://www.socialscienceregistry.org/ respectively. Last accessed 8/18/25. 

https://www.nature.com/nathumbehav/submission-guidelines/registeredreports
https://www.stata.com/support/faqs/statistics/power-by-simulation/
https://osf.io/
https://www.socialscienceregistry.org/
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8. Note that manipulation checks are not the same as balance tests, which check to see how similar the 
treatment and control groups are. Balance tests are usually more of a concern for spurious significant 
results when differences are actually attributable to observable differences between the treatment and 
control groups rather than the treatment itself. It is possible that group imbalances could cancel out real 
effects, leading to spurious null results. For more on the perils of balance testing, see Mutz et al. (2019). 

9. Bland (2025) compares how informative and uninformative priors influence the estimation of posterior 
distributions, with examples of Bayesian structural models in economic experiments. 

10. There has been a steady increase in the use of Bayes Factor as a tool for hypothesis testing in social 
science research; for examples, see Hoijtink et al. (2019).
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