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Abstract. In recent years, randomized experiments (or “A/B tests”) have become common-
place in many industrial settings as managers increasingly seek the aid of scientific rigor in 
their decision making. However, just as this practice has proliferated among firms, the prob-
lem of p-hacking—whereby experimenters adjust their sample size or try several statistical 
analyses until they find one that produces a statistically significant p-value—has emerged 
as a prevalent concern in the scientific community. Notably, many commentators have 
highlighted how A/B testing software enables and may even encourage p-hacking behavior. 
To investigate this phenomenon, we analyze the prevalence of p-hacking in a primary sam-
ple of 2,270 experiments conducted by 242 firms on a large U.S.-based e-commerce A/B test-
ing platform. Using multiple statistical techniques—including a novel approach we call the 
asymmetric caliper test—we analyze the p-values corresponding to each experiment’s desig-
nated target metric across multiple significance thresholds. Our findings reveal essentially 
no evidence for p-hacking in our data. In an extended sample that examines p-hacking 
across all outcome metrics (encompassing more than 16,000 p-values in total), we similarly 
observe no evidence of p-hacking behavior. We use simulations to determine that if a mod-
est effect of p-hacking were present in our data set, our methods would have the power to 
detect it at our current sample size. We contrast our results with the prevalence of p-hacking 
in academic contexts and discuss a number of possible factors explaining the divergent 
results, highlighting the potential roles of organizational learning and economic incentives.
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1. Introduction
In the first half of the 20th century, a British industrial 
researcher named Ronald Fisher published several semi-
nal works that would go on to profoundly shape the field 
of statistical science. Fisher’s contributions, particularly his 
development and advocacy of “p-values,” significance 
testing, and experimental design, formalized the use of sta-
tistical methods for empirical research. His emphasis on 
randomization and his pioneering work on the analysis of 
variance revolutionized experimental methodology across 
various disciplines in both practical industry and aca-
demic science (Yates 1964, Bothwell and Podolsky 2016). 
Over time, Fisher’s approaches have become fundamental 
to decision-making processes in fields ranging from agri-
culture and economics to psychology and medicine 
(Hamermesh 2013, Kleven 2018, Kohavi 2019).

As the practice of data-driven decision making and 
analytics gained prominence over the first part of this 
century (Brynjolfsson and McElheran 2016), the use of 
randomized experiments for strategic decisions have 

become much more common. This is particularly true in 
digital business, where the marginal cost of both service 
innovation and delivery is relatively low. Dozens of 
software-as-a-service (SaaS) platforms have launched in 
recent years that enable firms to run experiments on 
their websites and apps, sometimes at no cost. A grow-
ing body of research on digital experimentation—now 
widely known as “A/B testing” among software, mar-
keting, and e-commerce companies—has emerged, 
including work from academics in many fields such as 
economics, computer science, statistics, information sys-
tems, and marketing (Kohavi et al. 2013, Liu and Cham-
berlain 2018, Azevedo et al. 2020). In industrial contexts, 
A/B testing has emerged as a vital component of the cor-
porate innovation process, allowing firms to statistically 
compare competing strategies about product–market fit, 
pricing, messaging, targeting, and user experience. Sev-
eral studies have documented the use of A/B testing 
for these strategic purposes among large enterprises, 
online merchants, and technology startups (Kohavi and 
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Longbotham 2020, Koning et al. 2022). Whereas the larg-
est technology companies have used online experiments 
for decades, use of A/B testing is now growing among 
firms of all types. By some estimates, more than 40% of 
the top 10,000 websites by traffic are using third-party 
technologies with A/B testing capabilities (BuiltWith 
2019).1 Further, a 2018 survey of more than 200 compa-
nies with at least $500 million in annual revenue indi-
cated that 74% of responding firms indicated they either 
already use or plan to use A/B testing in the near future 
(Virzi 2018).

Just as randomized experiments have proliferated in the 
digital economy, there has been increasing interest in the 
downsides of the conventional statistical methods com-
monly used to analyze these experiments. Much of this lit-
erature focuses on the shortcomings of null hypothesis 
significance testing (NHST), the prevailing scientific 
approach for assessing the long-term (frequentist) error 
rates in decisions based on p-values. In common statistical 
practice, NHST categorizes results as “insignificant” when 
p-values exceed 0.05 and “significant” when p-values fall 
below 0.05. This rule of thumb can be traced back to Ronald 
Fisher’s (1925, p. 47) work, Statistical Methods for Research 
Workers, wherein Fisher suggested it would be “convenient 
to take” the p→ 0.05 threshold “as a limit in judging 
whether a deviation is to be considered significant or not.”

As empirical science and statistics evolved and 
became institutionalized throughout the 20th century, 
this simple rule of thumb gradually solidified into a 
widespread convention for evaluating statistical evi-
dence, with the p → 0.05 threshold often being treated as 
a definitive cutoff.2 In recent decades, however, the sci-
entific community has increasingly scrutinized the util-
ity, applicability, and consequences of widespread 
reliance on significance testing that dichotomizes results 
based on p-values in this way. For example, it has been 
argued that published scientific research based on sig-
nificance testing is likely filled with many (if not a major-
ity of) false positive results due, in part, to a selection 
effect for “significant” results induced by the peer- 
review and publication process (Rosenthal 1979, Ioanni-
dis 2005). In addition to the selection effect present in the 
reporting of experimental results, more recent studies 
have highlighted how flexibility in the design and analysis 
of experimental results can dramatically inflate empiri-
cal false discovery rates (Simmons et al. 2011, Gelman 
and Loken 2013). This phenomenon by which analysts 
change their data sampling procedures or statistical 
techniques to obtain significant results has come to be 
known as “p-hacking” (Simmons et al. 2013). Concern 
about the prevalence of both publication bias and p- 
hacking in many areas of academia—including psychol-
ogy, economics, and biostatistics—has led some scholars 
to characterize the current state of scientific inquiry as 
being in the midst of an epistemological “crisis” (Earp 
and Trafimow 2015, Dreber and Johannesson 2019).

Despite this crisis, NHST and p-values have come to 
predominate much of the statistical software used 
throughout the A/B testing industry. However, given 
that A/B testing results are reported in near real time, 
this enables a potentially pernicious form of p-hacking 
referred to as continuous monitoring (or “optional 
stopping”), whereby experimenters regularly check a 
test’s p-value and only end an experiment when a suffi-
ciently small value is obtained. Many testing platforms 
will explicitly highlight when an experiment’s p-value 
dips below the conventional significance level of 5%, 
with some going so far as to notify their users when this 
threshold is met. Although analysts at larger and more 
technical organizations may be aware of the pitfalls of 
continuous monitoring, the rise of low-cost A/B testing 
platforms has significantly increased the ability of firms 
of all sizes to run experiments.3 Indeed, A/B testing soft-
ware is specifically marketed to facilitate to use of ran-
domized experiments among firms without the know- 
how to develop their own technology or the statistical 
expertise to analyze experimental results. Given that 
academic researchers, often with doctoral degrees and 
graduate training in statistics, have been known to 
engage in p-hacking behavior (Szucs 2016; Brodeur et al. 
2020, 2022), it is reasonable to ask whether analysts in 
corporate environments using similar statistical techni-
ques make similar methodological errors.

Answering this question can have far-reaching impli-
cations for how researchers and managers understand 
the value of A/B testing and statistical methodologies in 
both academic and industrial contexts. If p-hacking 
behavior is a widespread phenomenon on A/B testing 
platforms, many firms would be justified in reevaluating 
how they use experiments for business decisions. On the 
other hand, if p-hacking is less common in industrial set-
tings than academic settings, this would be an interest-
ing result in multiple regards. First, such a result would 
suggest that digital experiments in real-world settings 
may not be as fraught with error as the existing literature 
on the subject might suggest. This may increase the con-
fidence that managers and executives have about the 
use of statistics and A/B testing for making business 
decisions more generally. Further, if p-hacking is absent 
in the industrial context, this would put in stark contrast 
the ubiquity of p-hacking in academic science, poten-
tially highlighting the need for more research studying 
precisely if and how contextual factors drive p-hacking 
behavior. In either case, we argue there is scientific and 
managerial value in a credible empirical analysis on the 
incidence of p-hacking on digital testing platforms.

This discussion motivates the current project, in 
which we set out to investigate the prevalence of p-hack-
ing behavior on a large A/B testing platform. We pro-
ceed by analyzing the distribution of p-values from a 
sample of A/B tests conducted by e-commerce mer-
chants. Our analysis will exploit the fact that, if 

Miller and Hosanagar: p-Hacking in E-Commerce A/B Testing 
2 Information Systems Research, Articles in Advance, pp. 1–27, © 2025 INFORMS 



experimenters do consistently stop their tests right 
when their p-values reach 0.05, or gather extra data for 
experiments that have yet to reach this value, we would 
expect to see a jump in the number of p-values observed 
right below this threshold. To detect this effect, we use 
both existing statistical techniques for detecting such 
discontinuities and also develop a new method that is 
more robust to nuisance parameters than existing 
approaches found in related literature. In our primary 
analysis, we apply these techniques to the distribution of 
p-values from 2,270 experiments conducted by 242 firms 
and find little to no evidence for the incidence of p-hack-
ing in our data set. In secondary analyses, this null result 
remains robust to several different assumptions about 
firm behavior. We also use counterfactual simulations to 
demonstrate that, if a modest effect of p-hacking did 
exist, our statistical methodology would have the power 
to detect it at our current sample size. In sum, this 
research makes valuable contributions by presenting 
both a robust approach to estimating discontinuities in 
p-value distributions and credible empirical evidence 
about how real-world firms use and deploy statistical 
tools for managerial decision making.

2. Background and Motivation
2.1. Primer on A/B Testing
2.1.1. Evolution of A/B Testing and the Role of Experi-
mentation Platforms. Prior to the modern information 
technology (IT) revolution, A/B testing was an ad hoc 
procedure largely practiced within isolated teams for 
specialized purposes. Academic and practitioner- 
oriented work documents the use of random experimen-
tation in advertising, sales, and direct mail campaigns at 
large enterprises (Chickering and Heckerman 2000, 
Warwick 2003, Tang et al. 2010). However, as much of 
the economy became digitized throughout the early 
2000s, the costs associated with implementing, measur-
ing, and analyzing experiments dropped significantly. It 
was around this time that large organizations such as 
Google and Microsoft started developing standardized 
software tools and organizational practices around A/B 
testing, which ultimately ended up being core to how 
many decisions at these companies got made (Kohavi 
and Thomke 2017). As legacy enterprises started adapt-
ing to the information economy and new digital-native 
companies emerged, the capital developed by these suc-
cessful IT companies—both human and technological— 
began to influence organizational practices in the econ-
omy at large (Tambe and Hitt 2014).

Within these broader shifts in the economy, the diffu-
sion of A/B testing specifically was enabled by new plat-
forms that began to offer “experimentation as a service.” 
Around the turn of the 2010s, a number of these 
platforms emerged as both additional products offered 
by existing software companies (e.g., Google Optimize, 

Microsoft Azure, Adobe Test and Target, Mixpanel, 
HubSpot) and independent startups focused on A/B 
testing as a key value proposition (e.g., Optimizely, 
Visual Website Optimizer, AB Tasty, Experiment.ly, 
Split Optimizer). In addition to handling technical chal-
lenges with digital experimentation—such as user allo-
cation, behavior tracking, and statistical reporting—a 
pivotal component to the commercial success of these 
platforms was their interactive “what you see is what 
you get” (WYSIWYG) website editors (see Figure 1). 
This dramatically lowered the cost of developing new 
website variations for nonengineering teams, which was 
a crucial step in facilitating the spread of A/B testing 
across and within organizations of all sizes (Christian 
2012a). With the combined influence of successful tech 
companies that were known for relying on digital 
experiments and the marketing efforts of these new 
testing-focused platforms, A/B testing has since devel-
oped over the past decade into a well-established prac-
tice in the management of many types of organizations 
(Christian 2012b). Many executives, managers, consul-
tants, and academics now recognize A/B testing as a 
critical tool in modern managerial decision making 
(Thomke 2020).

2.1.2. A/B Testing in E-Commerce. These develop-
ments have been particularly relevant to managers of 
retail e-commerce companies. Such managers face many 
decision problems for which A/B testing can be benefi-
cial: interface design, marketing messaging, promo-
tional strategies, product placements, and algorithmic 
recommendations can all dramatically affect consumer 
behavior. And, in contrast to other sectors that have to 
contend with complex statistical estimation issues (such 
as long sales cycles in enterprise software or network 
interference between users on social media platforms), 
classical conditions required for causal inference in 
experimental settings are typically satisfied in 
e-commerce settings by simply randomizing individual 
users in an experiment and measuring their short-term 
responses. It further helps that, in e-commerce, the key 
indicators of consumer behavior that managers are pri-
marily interested in include easily quantifiable metrics 
that can be measured within a single website session, 
such as purchase incidence and revenue. These condi-
tions, along with the advent of user-friendly experimen-
tation tools described above, have led to the rapid 
adoption of A/B testing among e-commerce companies.

Notably, managers of online retail stores using third- 
party A/B testing software are likely to have back-
grounds quite different from those of the earliest adop-
ters of A/B testing practices. Those who contributed to 
the development of internal A/B testing software at 
large technology companies are likely to have had speci-
fic expertise in engineering or statistics and analytics. 
However, managers of online retail companies may 
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have earned their positions because of skills in other 
domains, such as brick-and-mortar retail, trend forecast-
ing, fashion, and marketing. Relative to their tech- 
industry counterparts, these managers are more likely to 
learn about website development, statistics, and A/B 
testing in an ad hoc way throughout their jobs. Although 
this is precisely the audience that A/B testing platforms 
seek to serve with their user-friendly tools, we believe 
the extent to which this lack of technical expertise affects 
the value of A/B testing and analytics software overall is 
an underexplored question in existing academic litera-
ture and a vital component of the motivation for the cur-
rent research project.

2.2. A/B Testing Interfaces
An important challenge for developers of A/B testing 
tools, particularly given their goal to reach nontechnical 
users, is deciding how to communicate results and con-
cepts around statistical uncertainty. As the industry 
matured, there has been a notable degree of technologi-
cal convergence, with a number of implicit standards in 
testing interfaces that have come to be expected by 
users. Essentially every testing tool allows users to view 
basic analytics associated with each arm in a given 
experiment; this typically includes the number of parti-
cipants in each arm, along with key outcome metrics rel-
evant to the particular experimental context. In many 
scenarios, this will include some form of “conversion 
rate”—the percentage of users that took a desired action 
(e.g., product purchase, account creation). When they 

are relevant, other metrics can also be included in a 
results dashboard, such as session length, pageviews, 
bounce rate, revenue, and load time. It is also common, 
though not universal, for platforms to show time-series 
charts of how various metrics have evolved over time. 
When it comes to directly comparing the performance 
of each arm in an A/B test, standard practice is to quan-
tify how each experimental treatment differs from a 
selected “baseline” or “control” treatment along the 
metrics being measured. For each metric, it is common 
to report the measured effect size between each nonba-
seline treatment and the baseline treatment (sometimes 
described as the “lift”). Depending on the platform, this 
effect size will be reported as either a level (additive) or 
proportional (multiplicative) change. We have docu-
mented several A/B testing interfaces in Online Appen-
dix A, where we provide various real-world examples 
of how different testing platforms operationalize these 
features (see Figure A.1).

Though it is by no means universal, the most common 
statistical paradigm seen in A/B testing software is 
based on classical null hypothesis significance testing. 
This is perhaps unsurprising given the predominance of 
NHST throughout much of statistical science. On the 
whole, there is no standard around exactly which test is 
used to calculate p-values, as there are many reasonable 
choices for testing the difference between two propor-
tions in the statistical literature (e.g., Z-test, binomial 
proportion test, χ2-test). There are also differing prac-
tices around whether one-sided or two-sided hypothesis 

Figure 1. (Color online) Examples of WYSIWYG Editors Used to Create Variations in A/B Testing Software 
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tests are used, whether finite sample corrections are 
accounted for, or if variances between the two treatment 
populations are assumed to be equal or unequal.

A simple method used by many platforms (including 
the one studied in this project) is a two-sided Z-test for 
testing the difference in sample means, where it is 
assumed that sample sizes are large enough to invoke 
the central limit theorem (CLT) so that the test statistic 
is normally distributed under the null hypothesis 
(Kohavi et al. 2009). In mathematical terms, the p-value 
for this test can be calculated by assuming one observes 
both the number of conversions (represented by ct) and 
the total number of users (nt) in each of the treatment 
conditions of a two-armed A/B test, where treatment 
is indicated by subscript t ↑ {a, b}. The observed effect 
size of an experiment (or lift) is then defined as the dif-
ference in mean conversion rates between the two 
treatment conditions: µ̂ → cb=nb ca=na. The empiri-
cally observed Z-score can then be computed by calcu-
lating the standard error of the mean difference: 
σ̂ →

                                                           
p̂a(1 p̂a)=na + p̂b(1 p̂b)=nb

p
, where p̂t → ct=nt. 

This standard error is then divided into the estimated 
mean, µ̂, to obtain the primary test statistic of interest, 
Z :→ µ̂=σ̂.

To derive the p-value associated with this test, one 
must then compare this empirically observed statistic, 
Z, to the theoretical distribution for this statistic under 
the null hypothesis—that is, the assumption that there 
is no difference in conversion rates between treatment 
arms. We denote this theoretical test statistic (the null 
test statistic) as z, whose distribution can be derived in 
closed form as the standard Gaussian (normal) distri-
bution using the CLT. The p-value of an experiment is 
then defined as the theoretical probability that the null 
test statistic, z, would be as large or larger than the 
empirically observed test statistic, Z: p-value :→ P[z ↓
|Z | |z ~ Φ] → 2(1 Φ( |Z | )).

Interestingly, almost no testing platform that relies on 
p-values of any kind describes them as such. Instead, a 
very common practice in the industry is to show analysts 
a value equal to (1 p) ↔ 100, and to use a term of art, 
such as “confidence,” to signal how this number is to be 
interpreted. For example, a test with a p-value of 0.13 
will be shown to analysts as “87% confidence.” Other 
phrases in the industry used for this quantity include 
“statistical significance” level or even the explicitly mis-
leading phrase “chance to beat baseline.” Independent 
of how testing platforms compute p-values or describe 
them to end users, another characteristic common to 
nearly all platforms is how they discretize statistical 
uncertainty. This practice likely originated as a conse-
quence of both the prominent use of “significance” 
thresholds throughout the history of academic science, 
as well as managers’ inherent need to make binary 
“ship” or “don’t ship” decisions about the interventions 
being tested on these platforms.

2.3. p-Hacking in A/B Testing
2.3.1. Potential for p-Hacking and Existing Evi-
dence. To motivate our research questions, we high-
light a few key factors from the preceding discussion on 
the A/B testing industry. First, we emphasize that 
modern A/B testing tools are explicitly designed to 
allow nonexperts to run randomized experiments for 
decision-making purposes. Although prior generations 
of A/B testing practitioners may have had expertise in 
engineering or statistics, it is clear that in industries like 
online retail and digital marketing, many individuals 
running experiments may have little formal training in 
these areas.4

Next, we reiterate that the most common paradigm 
used for reporting and interpreting the results of experi-
ments in the A/B testing industry is based on simple 
hypothesis testing, where frequentist p-values—typi-
cally converted into metrics described with simplistic 
misnomers such as “confidence”—are used as the pri-
mary indicator of statistical evidence. In Online Appen-
dix A (Figure A.2), we document how visual cues 
in online testing tools encourage experimenters to 
view tests with “confidence” above certain thresholds 
(e.g., 95%) as being “significant,” “conclusive,” or 
“actionable”; tests with confidence levels below the rele-
vant thresholds are labeled with tags such as “pending,” 
“not enough data,” or “inconclusive.” Importantly, A/B 
testing dashboards are frequently updated with real- 
time data throughout the course of an experiment, with 
confidence levels being recalculated after each batch 
update.

This combination of factors has led many practitioners 
and statisticians to highlight the potential for p-hacking 
(through sample size flexibility) and false discovery in 
A/B testing (Miller 2010, Draper 2016).5 The core statisti-
cal concern at the heart of this literature is that, to main-
tain their nominal false positive rates, frequentist 
hypothesis tests are intended to be calculated exactly 
once at the conclusion of a prespecified data collection 
period.6 It has long been known that analyzing simple p- 
value-based hypothesis tests at multiple points through-
out the data collection process can significantly inflate 
an experiment’s false positive rate (Anscombe 1954); this 
problem, by which an analyst wishes to evaluate the 
results of an ongoing statistical analysis while still con-
trolling their false positive rate, is known as “sequential 
testing” and dates back to Wald (1945). Indeed, practi-
tioners in other contexts such as medicine and psychol-
ogy have been aware of the “calculate once” limitation 
inherent to frequentist p-values for decades and devel-
oped numerous statistical techniques that allow for valid 
and robust sequential testing (Fiske and Jones 1954).

Despite this long stream of literature on the problem 
of sequential testing and its consequences on the inter-
pretation of classical p-values, the extent to which real- 
world users of A/B testing software are aware of these 
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issues is very much unclear. There are numerous exam-
ples of analysts that have documented the ways in 
which they or their clients specifically stopped or 
extended A/B tests based on whether the results were 
“statistically significant” (Borden 2014, Flory 2021). 
There are also examples of testing platforms themselves 
remarking that this behavior is common among their 
customers (Johari et al. 2017). Further, there is some 
work based on data from Optimizely (with coauthors 
that were at the time employed by the platform) that 
claims to find evidence for this type of p-hacking behav-
ior among users of that platform (Berman et al. 2018).

On the other hand, there are by now many blogs, 
papers, and articles discussing the issue of p-hacking 
and continuous monitoring in A/B testing. Further, 
most testing platforms do mention somewhere in their 
product or documentation the importance of setting an 
experiment’s sample sizes prior to beginning a test 
(though the prominence of this information varies 
across platforms). Given the availability of all this 
information, it is possible that practitioners have inter-
nalized best practices around stopping behavior and 
are able to avoid what was once a common pitfall. This 
being said, the mere fact that so many articles on A/B 
testing find it pertinent to mention the problem of p- 
hacking through sample size flexibility may itself be 
indicative of the prevalence of this behavior among 
practitioners.

2.3.2. Incentives and Behavioral Factors Around Sta-
tistical Rigor in A/B Testing. Although prior research 
has demonstrated the potential for p-hacking in digital 
experimentation and outlined alternative methods for 
valid sequential testing, few researchers have explicitly 
addressed the role of incentives and the potential behav-
ioral motivations of practitioners who run digital experi-
ments. We take this opportunity to discuss several 
factors that we hypothesize might affect whether indus-
trial practitioners p-hack. First, consider the following 
factors that might motivate p-hacking behavior in the 
context of A/B testing: 

• Significance testing is not intuitive, and its goals are 
often misunderstood. Given that many notions in classi-
cal frequentist statistics—significance, p-values, confi-
dence intervals, and hypothesis testing—are not 
intuitive for many students (Hubbard 2011), many 
researchers and practitioners misunderstand the goal 
of experimental analysis as achieving statistical signifi-
cance rather than recovering true model parameters 
(and evaluating the applicability of the model to the 
problem a hand; McShane and Gal 2016). These mis-
conceptions about how to conduct hypothesis tests and 
interpret their results can result in a number of 
“questionable research practices” without full knowl-
edge of how such practices undermine statistical valid-
ity (John et al. 2012). Analytic flexibility combined with 

a misunderstanding that induces a bias toward statisti-
cal significance—whether the bias is explicit or 
implicit—is well known to result in p-hacking, even 
among analysts with rational, well-incentivized, and 
benign intentions (Gelman and Loken 2013). An ana-
lyst using A/B testing software who mistakenly 
believes the purpose of an experiment is to gather data 
until the result is statistically significant would unwit-
tingly engage in p-hacking behavior.

• Misaligned incentives and moral hazard within the 
organization. An alternative explanation for p-hacking 
behavior is the presence of misaligned incentives. 
Work by Hall and Hasan (2020) and Ghosh et al. (2020) 
highlights how the adoption of A/B testing has the 
potential to interact adversely with the conflicting 
incentives across different layers of organizational 
structure, resulting in outcomes that can negatively 
affect firm performance. As for how such incentives 
may play into p-hacking behavior specifically, consider 
the role of principal–agent dynamics between man-
agers and employees or clients and marketing agencies 
(Holmstrom and Milgrom 1991, Baker 1992).7 If an ana-
lyst is rewarded for finding “significant” results—but 
verification of these findings is inherently costly for the 
principal—p-hacking may result as a consequence of 
this incentive misalignment. Such dynamics may play 
out both within firms (e.g., between managers and their 
marketing teams) and between contracting firms (e.g., 
between a firm and a marketing agency).

• Misaligned incentives between testing platforms and 
their customers. As discussed earlier, experimentation 
platforms often treat tests that reach nominal signifi-
cance thresholds with discontinuous distinction. There 
are, of course, benign reasons that platforms might be 
designed this way. Some authors have claimed that the 
developers of these platforms themselves are (or were 
at some point) misinformed about how to use p-values, 
and thus merely made an honest “flaw” in how they 
interpret them for their customers (Kohavi 2018). Even 
if employees that build A/B testing tools based on fre-
quentist statistics become aware of the problem with 
continuous monitoring, there are natural reasons (tech-
nical debt, having to admit prior techniques were inad-
equate, resistance to change by users) that may prevent 
them from changing their systems to reflect these con-
cerns. It should be noted, however, that some analysts 
have suggested that experimental platforms have 
incentives for the continued use of design paradigms 
that result in an abundance of false positives (Gamber 
2019). Indeed, many marketers may be unaware of the 
sample sizes actually required to run truly well- 
powered experiments (Lewis and Rao 2015).8 This may 
be prohibitive for many businesses of small and 
medium scale, a fact that experimentation platforms 
may not be eager to emphasize in their marketing 
materials or product documentation.
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Although the factors discussed above provide expla-
nations for why p-hacking would be common in A/B 
testing, there are also very plausible reasons for why this 
might not be the case: 

• Statistical literacy. Firms that use A/B testing plat-
forms have a revealed preference for data-driven deci-
sion making and causal inference. The very act of 
adopting A/B testing may indicate a certain level of 
sophistication in understanding the value of experi-
mentation and statistical analysis. As a result, they may 
be more likely to possess the knowledge and skills nec-
essary to use these tools correctly, without resorting to 
p-hacking.

• Aligned incentives. Despite the possibilities for mis-
aligned incentives described above, there are clearly 
forces working in favor of incentive alignment that 
might discourage p-hacking. As discussed earlier, A/B 
tests are frequently used for purposes instrumental to a 
firm’s economic strategies, informing managerial deci-
sions about product variations, service delivery, user 
experience, and marketing campaigns. The results of 
experiments in these domains—particularly among 
internet-scale companies—can often have significant 
effects on profitability (Hern 2014). To the extent that 
one believes employee and firm incentives are aligned, 
we would expect an industrial practitioner to face at 
least some economic incentive to avoid engaging in p- 
hacking behavior.

• Practical/logistical limitations on p-hacking. Further, 
there are practical reasons why the type of p-hacking 
we have described—in which an analyst stops when, 
or waits until, a desired confidence level is achieved to 
stop data collection—might be rare. For one, managers 
may be trading off the effects of multiple metrics, with-
out a strong preference about the significance of any 
particular outcome. Also, firms may have a natural 
cadence of meetings (say weekly, biweekly, or 
monthly) during which test results are reviewed and 
implementation decisions are made; this would pre-
vent the most egregious types of truly continuous moni-
toring that are known to inflate false discovery.

• Organizational learning. It is possible that firms 
have learned to avoid p-hacking, through either the 
extensive literature on continuous monitoring or their 
own experience using experimentation platforms. Part 
of the appeal of A/B testing is that it enables managers 
to rigorously test their hypotheses and learn for them-
selves what works in their business. The instrumental 
purpose of an A/B test is to determine what action to 
take, which means there is often a very short feedback 
loop between an experiment and its implementation, 
allowing analysts to develop their own intuition about 
the trustworthiness of a significant result. Indeed, 
recent work by Berman and Van den Bulte (2022) 
suggests that A/B tests on online platforms have a 
relatively high false discovery rate at traditional 

significance thresholds (on the order of 20%–30%). 
Firms with experience implementing “significant” A/B 
test results may learn that significance levels are only a 
noisy signal of a test’s true effects, potentially working 
to discourage the targeting of classical thresholds of 
significance. Experts also specifically recommend run-
ning “A/A” tests (where two identical variations are 
tested) and repeat testing (where the same experiment 
is run twice) for developing intuitions about what type 
of statistical results can or cannot be trusted, which 
may further discourage the weight that firms place on 
“statistical significance” as a decision criteria (Kohavi 
et al. 2020). Thus, despite the academic preoccupation 
with “significance,” real-world managers have the 
opportunity to learn directly through experience what 
thresholds of evidence they require before making con-
sequential decisions.

In sum, it appears ambiguous whether one should 
expect to empirically observe evidence for p-hacking of 
real-world A/B tests run by profit-seeking firms. 
Clearly, some literature suggests that p-hacking is a com-
mon practice in digital experimentation. Indeed, such a 
finding would be consistent with the by-now extensive 
literature on p-hacking in academic science, where it is 
known to be quite prevalent. On the other hand, there 
are also very plausible reasons laid out above for why 
this behavior might be rare in industrial settings, in 
which economically motivated actors face a different set 
of incentives from analysts in academic contexts. Given 
that A/B testing is a prominent example of how aca-
demic rigor and scientific reasoning are spilling over 
into industrial practice, understanding the extent to 
which the problem of p-hacking also carries over may 
have significant implications for both how firms view 
the practice and how scientists might comparatively 
think about the phenomenon of p-hacking in academia. 
This discussion motivates our main analysis in this pro-
ject, in which we attempt to empirically measure the 
incidence of p-hacking among users of a large A/B test-
ing platform.

3. Empirical Context and Data 
Description

3.1. Description of the Platform
To investigate the phenomenon of p-hacking in A/B 
testing, we collaborated with a private, third-party digi-
tal experience platform (subsequently referred to as “the 
platform”). The platform is a large purveyor of 
e-commerce SaaS solutions, including web analytics, 
online personalization, and A/B testing. At the time of 
our data collection, the platform’s tracking software 
observed over 100 billion pageviews annually. An 
important difference compared with some testing plat-
forms is that the platform studied here does not have a 
free tier of service; to begin using the service, a company 

Miller and Hosanagar: p-Hacking in E-Commerce A/B Testing 
Information Systems Research, Articles in Advance, pp. 1–27, © 2025 INFORMS 7 



must make contact with the platform’s sales team and 
set up an account. Pricing is proprietary and depends on 
the exact bundle of products/services a company uses, 
but can be expected to be in line with other enterprise 
business-to-business SaaS products. Like many other 
digital experience platforms, the majority of their custo-
mers use experiments for conversion rate optimization 
(as opposed to noninferiority type testing). Prototypical 
tests run by firms on the platform consist of marketing 
interventions (sales, promotions, product recommenda-
tions) or website design modifications (affecting button 
designs, page layouts, and promotional copy) designed 
to increase the probability of customer purchases on a 
firm’s website.

3.1.1. Testing Interface. Several aspects of the plat-
form’s interface are important to discuss. Much like other 
third-party testing tools, firms using the platform must 
integrate the platform’s tracking and testing script into 
their website’s codebase. Once a customer’s account is cre-
ated and their website is configured with the platform’s 
technology, the customer can use the platform’s WYSI-
WYG interface or custom CSS/Javascript injection to cre-
ate an intervention to be tested in an experiment. Once an 
experimental intervention is designed by the customer, 
they can deploy it to their website. Throughout the course 
of an active A/B test, the platform’s technology allows it 
to manage all user randomization, analytics measure-
ment, statistical calculations, and reporting of results.

By default, eight dependent variables are analyzed 
and shown to the analyst throughout the course of every 
experiment. These are conversion rate, session revenue, 
new visitor conversion rate, add-to-cart rate, cart aban-
donment rate, pageviews, session duration, and bounce 
rate. Prior to starting an experiment, firms are allowed to 
choose one or more “target metrics,” which correspond 
to the outcome(s) being targeted by the intervention. If 
no target metric is explicitly selected by the firm, the 
platform sets the target to conversion rate. In 95.6% of 
experiments in our sample, conversion rate is specified 
as a target metric; outside of this, the most common tar-
get metrics are session revenue and add-to-cart rate.

3.1.2. What Data Do Firms Have Available During an 
Experiment? The primary interface by which firms 
view the results of their experiments is an online dash-
board listing the outcome metrics, their associated effect 
sizes (or lift), standard errors, and “confidence” levels. 
These confidence levels are defined as one minus the p- 
value associated with a null hypothesis test for each met-
ric. In the case of binary outcomes, p-values are com-
puted using the two-sided Z-test described in Section 
2.2; p-values for continuous outcomes are calculated 
using a two-sided, two-sample t-test for equal means 
with a pooled variance estimate. The confidence associ-
ated with each outcome is only computed and displayed 

to the user once an experiment meets the platform’s sta-
tistical reporting criteria. For continuous metrics, the 
platform requires 30 observations in each treatment 
arm; tests on binary metrics have an additional require-
ment to reach a minimum of 10 observations in each of 
the possible outcomes. A stylized version of the dash-
board which is functionally similar to the real interface, 
is shown in Figure 2. Experimenters can click on a speci-
fic metric to see the time-series history of the effect size 
over time, but by default, they merely see an up-to-date 
snapshot overview like the one shown in the figure.

One characteristic of the interface worth noting is that 
there is always a badge indicating which target metric 
the experimenter specified at the beginning of the test. 
This reinforces to the experimenter the metric that they 
prespecified as their primary performance indicator for 
the experiment. Also important for our research ques-
tion, as soon as a variable crosses above 95% confidence 
(i.e., its p-value dips below 0.05), it is moved from the 
“pending” portion of the dashboard to the “actionable” 
portion and shown in a different color. Through the use 
of these design cues, the platform clearly reinforces the 
importance of the 95% significance threshold and, in a 
not entirely subtle way (directly labeling significant 
results as “actionable”), encourages firms to react to 
their experiments when they reach this threshold.

3.1.3. How Do Firms End an Experiment? When a test 
is running, the platform has a simple “stop” button that 
stops allocating a firm’s website traffic to the experi-
ment. If a firm wants to actually implement a variation 
(i.e., send all traffic to the treatment that performed bet-
ter), the platform has a dedicated process for deploying 
nonexperimental interventions.

3.2. Data Collection and Inclusion
We began our data collection by identifying the popula-
tion of two-armed experiments (i.e., literal A/B tests) 
conducted by all U.S.-based firms using the platform 
between January 2014 and February 2018. We con-
structed the sample for our main analysis in two stages. 
First, we identified each test’s target metric and retained 
only tests from this population that had sufficient data 
to meet the platform’s statistical reporting criteria. This 
ensured that for all the experiments in our sample, ana-
lysts would have had the opportunity to see the plat-
form’s computed “confidence” value associated with 
each test’s target metric. In total, this amounted to 2,485 
experiments from 242 different companies.

Upon inspection, we identified a number of experi-
ments that appeared to both begin and end at the same 
time (within 15 minutes of each other). After further 
investigation and based on discussions with employees 
at the platform, we determined that it is common for 
firms to create multiple versions of the same test within 
the platform’s interface for the purposes of measuring 
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effects on different user subpopulations. At the time of 
this study, the platform did not have the ability to report 
post hoc subpopulation analysis. Thus, if an analyst 
wanted to measure the effect of an intervention on both 
mobile and nonmobile users (for example), the only way 
to do so would be to create two experiments in the plat-
form’s interface, one targeted to mobile users and the 
other targeted to nonmobile users. Although this would 
appear as two separate tests in our sample, for the pur-
poses of studying experimenter starting/stopping 
behavior, these separate tests are better thought of as 
arising from a single experiment. However, this behav-
ior creates some ambiguity in how to incorporate such 
tests into our sample. Assuming experimental outcomes 
influence the timing of firm stopping decisions, we 
believe that among concurrent experiments, the first to 
conclude is the most likely driver of this behavior. Thus, 
for the purposes of constructing our main study sample, 
we retain only the test that ended first among all such 
groups of concurrent tests; this results in a sample size of 
2,270 tests from the same 242 firms. Although our expo-
sition here is focused on this particular sample, we also 
conducted all of our analyses using other data-inclusion 
policies (retaining the whole sample of 2,485 tests; 
excluding all concurrent tests; retaining the test in a 
group of concurrent tests with the smallest p-values) and 
found results nearly identical to those reported here.

We now use the following sections to elaborate more 
on the characteristics associated with the firms in our 
sample and provide a number of summary statistics 
about the included experiments.

3.3. Description of Firms in Sample
Given that the platform specializes in analytics solutions 
for online retailers, essentially all firms in our sample are 
engaged in some form of direct-to-consumer e-commerce. 

Within this category, the vast majority (93%) of firms 
are in discretionary consumer retail, most commonly 
apparel and home goods, with a smaller representation 
of firms in specialty segments (e.g., travel, electronics, 
cosmetics, and nutritional supplements). The remain-
ing 7% of firms in our sample are software, telecommu-
nications, or media/publishing companies. Though 
there is some heterogeneity across these industries, all 
the companies in our sample use their websites to con-
duct paid transactions in exchange for goods or ser-
vices. Thus, although the meaning of a “conversion” 
can vary dramatically across the web more generally— 
indicating anything from the act of clicking a link to 
creating an account—in our context, this word is pre-
dominantly meant to refer to the act of a customer mak-
ing a monetary transaction.

To get a slightly better sense of the size of firms in our 
data set, we used a third-party business intelligence ser-
vice that maintains a database of organizational charac-
teristics that can be referenced by a company’s domain 
name. The summary statistics for various indicators of 
website traffic, company age, and social media presence 
are provided in Table 1. There is clearly a diverse set of 
firms in our sample, ranging from small online busi-
nesses to large public companies with substantial offline 
retail operations. Although a site’s “Alexa Global Rank” 
is based on various factors and should not be used as an 
exact measure of site traffic, some analyses suggest that 
sites near the median ranking in our data set of 46,900 
have somewhere on the order of 13,000 daily unique 
visitors to their website.9 The fact that the median found-
ing year of a firm in our data set is 1983 suggests that a 
substantial portion of our sample is comprised of legacy 
(i.e., not digital-native) retailers that have had to develop 
e-commerce capabilities in addition to their traditional 
offline competencies.

Figure 2. (Color online) Simplified Recreation of Test Result Dashboard Interface 

Notes. This mage recreates a stylized version of what analysts see when logging onto the A/B testing platform to examine the results of their 
experiments. All eight dashboard metrics are visible by default, with one specific metric highlighted as a target metric. If and when the 
“confidence” associated with a metric exceeds 95%, the metric is moved from the “Pending” section of the dashboard to the “Actionable” 
section.
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3.4. Experiment-Level Data
We now turn to the details of the experiments them-
selves in our main sample and begin to examine some of 
the factors that may help us identify p-hacking behavior. 
As mentioned, we have a total of 2,270 separate experi-
ments in our sample from 242 firms.; For each experi-
ment, we observe all outcomes relevant to each 
treatment arm’s performance on the eight outcome 
metrics that are tracked by the platform. From this, we 
can derive the p-value that was used to calculate the con-
fidence metrics that were used to mark a test result 
“actionable” versus “pending.” On average, there are 
9.4 two-armed experiments per firm, which ranges from 
1 to a maximum of 82; the distribution of experiment 
count by firm is plotted in histogram form in Figure 3. 
We have provided further experiment-level summary 
statistics in Table 2. The median experiment length in 
our data set is 24.1 days, and the median number of ses-
sions per experiment is near 42,000.

3.4.1. Experiment Stopping Behavior. The primary 
question we wish to study in this project is if and how an 
experiment’s p-value affects a firm’s decision to end the 
test. To fully understand this phenomenon, it is useful to 
know whether other factors drive firms’ test-stopping 
behavior. To that end, we now present some model-free 
results that partially characterize when firms choose to 
stop their tests. First, we can see that if we plot histo-
grams across the days of the week that experiments 

begin and end (Figure 4), there is a clear pattern in both 
graphs showing how both types of action are less com-
mon on weekends. Thus, the day of the week seems to 
have at least some role in determining when firms end 
their experiments.

We can see another effect at play by plotting the histo-
gram of experiment duration (Figure 5). In this plot, we 
have added white circles to the tops of the histogram 
bars that are multiples of seven—that is, experiments 
that last in increments of one week. As can be seen by the 
relative peaks at these values, it appears to be a common 
practice among firms to run their experiments for one- 
week intervals, with the most common experiment 
length being exactly one week. Again, this suggests that 
logistical factors and common practices around test 
duration play a role in firm stopping behavior.

4. p-Hacking Analysis
We now turn to the question of whether the p-values (or, 
equivalently, confidence levels) affect the timing of 
when firms choose to terminate their tests and discuss 
ways we might detect this behavior. Prior research on 
meta-analytic techniques for detecting p-hacking in sci-
entific literature has suggested that the type of continu-
ous monitoring behavior alluded to in this context 
would result in a distribution of p-values with a dispro-
portionate number of experiments just below the 0.05 
cutoff; in particular, it was suggested by Simonsohn et al. 
(2014) that this bunching should occur in the interval 
between [0.04, 0.05). Thus, one way to observe p-hacking 
behavior in our data set is to look at the empirical distri-
bution of the p-values when experiments are stopped. If 
we assume that, for some proportion of experiments in 
our sample, firms were continuously monitoring their p- 
values and stopping experiments when or waiting until 
they dropped below 0.05, we should expect to see a 

Table 1. Firm Characteristics

Variable Mean Std. dev. Min. Median Max. Coverage (%)

Number of employees 8,318 25.3K 5 930 203K 89
Alexa global rank 215K 744K 106 46.9K 7.8M 100
Year founded 1967 42.1 1812 1983 2015 86
Twitter followers 740K 4.5M 0 35.4K 50M 76

Note. Std. dev., standard deviation.

Figure 3. (Color online) Distribution of Test Count by Firm 

Table 2. Experiment-Level Characteristics

Median Mean Std. dev.

Length of experiment (days) 24.6 41.1 44.5
Number of sessions 41,780 231,127 440,690
Conversion rate 0.042 0.098 0.156
Average order value (USD) 109.79 186.29 273.81

Note. Std. dev., standard deviation.
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disproportionately larger amount of tests with p-values 
below this threshold than above it.

Given all the information visible to firms in the plat-
form’s reporting dashboard, we now turn to the task of 
describing exactly how p-hacking behavior might mani-
fest itself in our data. As a starting point, we assume that 
firms primarily pay attention to the target metric that 
they specified at the beginning of their experiment. In 
this case, we imagine that although firms can see statis-
tics associated with other metrics, the target metric out-
come plays the most significant role in driving stopping 
behavior. There are other ways that p-hacking behavior 
might manifest; for example, perhaps analysts moni-
tored outcomes from all metrics and stopped whenever 
any of their confidence levels exceeded 95%. Another 
possibility is that firms pay attention to only a subset of 
metrics, such as revenue or add-to-cart rate, and dis-
count the effects measured on time-on-site or pageviews. 
Because the platform gives special visual distinction to 
each test’s target metric, we believe analyzing the distri-
bution of p-values associated with this particular metric is 
the most reasonable place to look for p-hacking behavior 
initially. Although our primary analysis is centered on the 
p-values associated with each test’s target metric, we 
explore ways of incorporating other metrics into our anal-
ysis in Section 4.5.

4.1. Model-Free Evidence
In light of the discussion above, we focus our main anal-
ysis on the p-values associated with the target metric 
from each A/B test at the time it was concluded. 
Although firms would have seen these reported as confi-
dence levels, we will consider the data’s untransformed 
parameterization as p-values and focus on the 0.05 sig-
nificance threshold. We can begin looking for evidence 
of p-hacking behavior by investigating the raw distribu-
tion of these p-values near this threshold.

In Figure 6, we have plotted histograms of our data 
for three different bin widths (denoted h → 0.005, 0.01, 
and 0.02), along with a dashed vertical line at 0.05 to 
facilitate inspection at this critical threshold. We have 
further zoomed in on the region around 0.05 in Figure 7, 
where we have also plotted bootstrapped 95% confi-
dence intervals around the height of each histogram bin. 
Following our discussion above, a natural way to detect 
discontinuous behavior near this threshold is to compare 
the number of p-values in the bins on either side of the 
threshold. A cursory visual analysis of these plots seems 
to suggest that there is no evidence for an abundance of 
p-values just below the 0.05 threshold; the bootstrapped 
confidence intervals of the bins nearest the threshold 
seem to overlap in all cases.

We can also perform a more direct analysis of the dis-
tribution of p-values near the threshold by comparing 
the bin heights immediately above and below 0.05. In 
particular, for a given bin width h, we consider the num-
ber of experiments to the left of the threshold, denoted 
by nl, and the number of experiments to the right of the 
threshold, denoted by nr. A simple way to investigate 
discontinuity at the 0.05 threshold is to test against the 
null hypothesis that the number of observations below 
the threshold does not exceed the number to the right of 
the threshold: H0 : nl ≠ nr. In Table 3, we show the 
empirically observed values of these counts across 
the three different bin widths. We also report the 
bootstrapped p-values associated with the (two-sided) 
null hypothesis above, calculated by sampling (with 

Figure 4. (Color online) Starting/Stopping Behavior by Day of Week 

(a) Experiments started by day of week (b) Experiments ended by day of week

Figure 5. (Color online) Distribution of Experiment Length 

Notes. The figure shows a histogram of experiment durations binned 
by day. White circles highlight histogram heights at multiples of 
seven days.
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replacement) the entire distribution of p-values in our 
data set 10,000 times and calculating the proportion of 
samples for which the sampled value of |nl nr | is as 
large as or larger than the empirically observed value of 
|nl nr | . In the table, we also report the 95% confidence 
interval as the 0.0275 and 0.975 quantiles of the sampled 
distribution of the difference nl nr.

As can be seen in all cases reported here, the p-values 
all fall well above conventional significance levels. This 
is to say, we fail to find evidence of strategic or otherwise 
discontinuous behavior by experimenters around the 
0.05 threshold in our sample.

4.2. Other Techniques for Detecting p-Hacking
In our research, we were able to find several methods 
from prior work that investigate problems similar to 
ours. Crucially, for the purposes of our analysis, we 
uncovered key shortcomings associated with both the 
simple bootstrap approach above and the existing meth-
ods reviewed below. We use this to motivate a simple 

extension of prior models, which we demonstrate has 
favorable properties for detecting p-hacking behavior in 
our context. We briefly review prior work below, and 
then introduce our model and apply it to our data in an 
attempt to further contextualize the evidence for p-hack-
ing behavior in our sample.

4.2.1. Generic Density Estimation Techniques. A key 
stream of existing literature related to our problem comes 
from econometric and statistical methods for discontinu-
ity detection in empirical data distributions. This problem 
of detecting discontinuities in density functions is a funda-
mentally different problem than detecting discontinuities 
in dependent variables, as is commonly the goal in stan-
dard regression discontinuity design. An important 
method for density discontinuity detection developed in 
recent years is that of Cattaneo et al. (2018)—denoted by 
rddensity. This technique employs local polynomial 
regressions to flexibly approximate the density function 
on either side of the threshold of interest while taking into 

Figure 6. (Color online) Histograms of Raw Data (Dashed Line at τ → 0:05) 

Figure 7. (Color online) Histograms Near τ → 0:05 Threshold, with 95% Bootstrapped Confidence Intervals 

Note. Confidence intervals are calculated by sampling (with replacement) the entire distribution of p-values in our data set 10,000 times and 
counting the number of p-values that occur in each bin region for each resampling; the bottom and top of the confidence bands correspond to the 
2.5th and 97.5th percentile of bin counts across samples for each bin region.
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account many of the subtle issues that make density esti-
mation difficult (e.g., bandwidth selection, kernel choice, 
bias near discrete boundaries). Because of this, rdden-
sity is frequently used as a manipulation check in stan-
dard discontinuity designs and may be considered the 
state of the art for discontinuity detection in generic den-
sity functions.

4.2.2. Meta-Analytic Techniques. Several prior papers 
investigate the problem of detecting discontinuities and 
other abnormalities in the distribution of reported test 
statistics across many academic studies (Gerber and 
Malhotra 2008a, Andrews and Kasy 2019). An influential 
paper in this stream of work is Gerber and Malhotra 
(2008b), which introduced the “caliper test” methodol-
ogy for investigating discontinuous anomalies in test 
statistics. This test is conducted by considering all test 
statistics from a body of work and selecting a small win-
dow around a relevant significance threshold. If the dis-
tribution of statistics is indeed continuous, then the 
number of results that fall on either side of this threshold 
should be approximately equal, assuming the caliper is 
sufficiently small. One can then perform a binomial test 
on whether the number of tests on the significant side of 
the threshold exceeds that on the nonsignificant side.

There are also research methods that are designed to 
account for the effects of p-hacking in the construction of 
some meta-analytic estimator (Simonsohn et al. 2014, 
Stanley and Doucouliagos 2014, Vogel and Homberg 
2021). The methods described in these papers, however, 
are not well-matched to our problem for two reasons. 
First, most of these projects are concerned with analyz-
ing experiments that are all designed to study a single 
phenomenon with a shared underlying effect size; this 
assumption is clearly not applicable in our context, 
where our experiments come from hundreds of firms 
testing thousands of different ad hoc interventions. Sec-
ond, the purpose of these techniques is more to conduct 
meta-analytic inference that is robust to the effects of p- 
hacking, rather than actually detect p-hacking. Although 
related, these techniques are ultimately ill suited for the 
problem at hand.

4.2.3. Shortcomings of Existing Methods. We devel-
oped a simulation procedure to compare the performance 

of the caliper method of Gerber and Malhotra (2008a) and 
the rddensity technique of Cattaneo et al. (2018) for 
detecting p-hacking in our context, and we dedicated a 
portion of our Online Appendix B, Section B.2, to study-
ing the test performance of these methods. This analysis 
demonstrates the main shortcomings of these approaches, 
especially in relation to the approach we propose below. 
The primary issues are as follows: 

• Inflated false discovery due to symmetry assumptions. 
The caliper method of Gerber and Malhotra (2008b) 
assumes that the number of observations on either side 
of the relevant significance threshold is equal. (The 
bootstrap method used in Section 4.1 suffers from this 
same shortcoming.) This assumption is only theoreti-
cally true either (a) when the underlying density func-
tion is perfectly flat in the region of interest or (b) in the 
limit as the size of the caliper (h, the window around 
the relevant threshold) goes to zero, that is, h ↗ 0+. We 
show in the Section B.2 how this can lead to an inflated 
type I error (false positive) rate in the detection of 
p-hacking.

• Low power (inflated false negative rate). Generic 
density-based methods, such as rddensity from Cat-
taneo et al. (2018), appear to have good false positive 
control but are underpowered relative to other meth-
ods for detecting p-hacking reviewed in this project. 
Having a high-powered test is good practice in all sta-
tistical analysis, but—given that cursory analysis of our 
data suggests our effect might be small—this is a parti-
cularly important property to have in this project.

In a number of simulation analyses described in Online 
Appendix, Section B.2, we show how our approach 
appears to achieve a Pareto improvement in performance 
on desired test characteristics among these methods. In 
Section 4.3, we outline this approach, and in Section 4.4, 
we report the results from its application to our data set.

4.3. Outline of Asymmetric Caliper 
Discontinuity Test

Our test aims to create a model for a distribution of p- 
values, assuming this distribution was generated with-
out any discontinuous behavior near 0.05. This model 
helps us derive a test statistic based on the difference in 
the number of p-values falling on either side of the signif-
icance threshold. The bootstrap above, as well as the 

Table 3. Bootstrap Tests for Discontinuity in Distribution of p-values at 0.05 Threshold

Obs. in [0:05 h, 0:05) Obs. in [0:05, 0:05 + h) Empirical difference 95% bootstrap confidence Bootstrap test of
Bandwidth nl nr nl  nr interval discontinuity

h → 0.005 12 17  5 [ 16, 5] p → 0.54
h → 0.010 29 29 0 [ 15, 15] p → 0.51
h → 0.020 61 52 9 [ 12, 30] p → 0.52

Notes. Bootstrap values are calculated by sampling (with replacement) the entire distribution of p-values in our data set 10,000 times. We report 
the 0.0275 and 0.975 quantiles of the distribution of the sampled difference nl  nr as the confidence interval. The p-values are associated with the 
two-sided null hypothesis H0 : nl ≠ nr and are reported as the proportion of samples for which the sampled value of |nl  nr | is as large or larger 
than the empirically observed value of |nl  nr | .
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caliper test used in prior studies, assumed that these 
counts should be equal under the null hypothesis. As 
outlined in Online Appendix B, Section B.2, this assump-
tion compromises the performance of these tests for their 
intended objective because it does not consider the 
global information about the shape of the distribution 
being studied. Our test corrects this shortcoming by 
modeling the slope of the distribution near the signifi-
cance threshold. This method allows for an unequal dis-
tribution of observations within a small window on 
either side of the threshold, making it an asymmetric cali-
per test.

4.3.1. Modeling the Empirical Distribution of p- 
values. A key requirement for our model is that we 
have a valid model of what a distribution of p-values 
should look like in the absence of any p-hacking. To do 
this, we draw upon existing theory and established liter-
ature in bio- and meta-statistics about how to model p- 
value distributions arising from many disparate analy-
ses. Consider that for an experiment where the null 
hypothesis is true (i.e., there is no difference in conver-
sion rates between treatment arms), frequentist statisti-
cal theory predicts the p-value to be uniformly 
distributed on the unit interval. However, when we look 
at the results of an experiment, we do not know ex ante 
whether the null hypothesis is true or if, on the other 
hand, a nonzero effect size is present. If we look at the 
results of many experiments in a meta-analysis of p- 
values, some p-values will correspond to tests where the 
null hypothesis is true (and therefore be uniformly dis-
tributed), but for another portion, the alternative 
hypothesis will be true (when the effect size is non-
zero).10 In these cases, two-sided p-values will tend to 
cluster near zero (because such results have a lower 
probability of occurring when assuming the null 
hypothesis). This explains the rough shape of the p-value 
distributions we observe in our data (Figure 7).

This discussion motivates the modeling of the distri-
bution of p-values as a hierarchical mixture coming from 
one null component (with uniform distribution to model 
the null effects) and another component to model the 
results of nonnull effects. In this project, we model the 
nonnull portion of our density as a mixture of beta distri-
butions. This approach is well established in biostatistics 
and has been used extensively in many contexts to 
model p-value distributions (Parker and Rothenberg 
1988, Allison et al. 2002, Pounds and Morris 2003). A full 
description of our model, derivation of relevant formu-
lae, and discussion around issues such as parameter 
restrictions, number of mixture components in the 
model, and other implicit assumptions are provided in 
Online Appendix B.

In brief, we model our data as arriving from a two- 
stage mixture model, where in the first stage a mixture 
component ki ↑ {0, 1, : : : , K} is drawn from a categorical 

(or multinoulli) distribution with parameter vector 
π → (π0, : : : ,πK): ki |π ~ Categorical(π0, : : : ,πK) , subject 
to a natural ordering and unitary sum constraint: 
π1 >⋯> πK and

PK
k→0πk → 1 . In the second stage, con-

ditional on knowing an observation’s mixture compo-
nent ki, its value xi will be distributed either uniformly 
(for ki → 0) or as a Beta random variable with component- 
specific parameters (aki , bki) (for ki > 0):

xi |ki → 0 ~ Unif(0, 1) and xi |ki > 0, a, b ~ Beta(aki , bki):
We estimate this model using the principle of maximum 
likelihood by maximizing the log-likelihood function, 
%(θ |x), of the observed data x over the distribution para-
meters θ → (π, a, b); this function is given by
%(θ |x) → log L(θ |x)

→
XN

i→1
log π0 +

XK

k→1
πk

1
B(ak, bk)

xak(1 x)bk 1
! " !

,

(1) 
where B is the beta function.

4.3.2. Hypothesis Test for Discontinuity at Signifi-
cance Threshold. The upshot of fitting the mixture 
model described above is that it provides a principled 
method for making inferences about the shape of the dis-
tribution of p-values near the significance threshold. 
With the information provided by the model, we can 
describe what the distribution of p-values should look on 
either side of the significance threshold, in the absence of 
any discontinuous p-hacking behavior. The visualiza-
tion shown in Figure 8(a) highlights two regions within 
some bandwidth (or “caliper”) parameter h of the signif-
icance threshold: πl refers to the proportion of the den-
sity function that lies in the left window, and πr refers to 
the proportion in the right window. These two 
quantities—which can be inferred as a function of the 
best-fit parameters of the mixture distribution described 
above—help us define a null distribution around our 
primary statistic of interest: the difference in the number 
of observations that fall between the left and right 
windows. Under the null hypothesis that our data arise 
from a continuous underlying density function 
(described by our mixture model), the counts of observa-
tions on either side of the threshold are distributed bino-
mially as nl ~ Binomial(N,πl) and nr ~ Binomial(N,πr), 
where N is the total number experiments in our sample, 
and nl, nr refer to the count of experiments observed 
in each bin. We use these distributions to calculate the 
null distribution of the difference between the number 
of observations below and above the threshold: 
S :→ nl nr. This quantity will serve as our primary test 
statistic. Under the null hypothesis that our data are 
drawn from the fully continuous mixture model, the 
null distribution of S can be derived in closed form from 
the parameters of the mixture model (see Equation (3) in 
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Online Appendix B). In the final step of our procedure, 
we conduct a one-sided hypothesis test by comparing 
the difference between the number of observations 
below and above the significance threshold—which we 
will denote by S↘ —to the estimated null distribution of 
Ŝ that is derived from the mixture model.11

4.3.3. Final Implementation Details. Two factors we 
have yet to discuss about our test procedure are how we 
decide on (a) the number of components in our mixture 
model and (b) what exactly it means to be “near” the sig-
nificance threshold (i.e., how we select h). In regard to 
(a), for the primary results reported here, we use a model 
with K → 2 beta components (three in total, counting the 
uniform component). We find that among the set of inte-
gers, the choice of K → 2 minimizes the model’s Bayesian 
information criterion and maximizes cross-validated 
(out-of-sample) log-likelihood. However, we will report 
alternative analyses with other values of K after we 
describe our main results. As for (b), nearly every den-
sity estimation technique requires that the researcher 
specify a bandwidth parameter in some form; our 
method is no different in this regard. As described above 
and visualized in Figure 8, our statistical test requires 
that we specify the width of the “window” around our 
significance threshold—given by some h > 0. A well- 
regarded technique for choosing this parameter is to use 
a data-driven approach such as cross-validation or 
machine learning (Rudemo 1982). We will instead fix the 
bandwidth for our tests manually, though at several dif-
ferent possible values for robustness. In our context, 
data-adaptive approaches are prone to small-sample 
biases that can have unpredictable effects on statistical 
tests dependent on this parameter. This is explained in 
more detail in Online Appendix D, where we demonstrate 

how—at least for our analysis—fixed bandwidth exhibits 
higher power and more regularity than tests based on 
adaptive bandwidths.

As for how we select h, we highlight our qualitative 
conclusions are unchanged if we use essentially any 
value of h between 0.001 and 0.05. Previous researchers 
studying meta-analytic p-value distributions in aca-
demic research have specifically pointed to a prevalence 
of p-values in the 0.04–0.05 range as indicative of p-hack-
ing behavior (Simonsohn et al. 2014). Based on this 
work, our primary test of interest will use a bandwidth 
parameter of h → 0.01. However, we also describe the 
results of our analysis if this parameter is set to either 
half (h → 0.005) or twice (h → 0.02) this value; this method 
of reporting robustness to bandwidth choice is com-
monly used in regression discontinuity designs, as sug-
gested by McCrary (2008).

4.4. Main Empirical Results
Having outlined the main components of our model and 
statistical test, we are now in a position to report the 
results of our discontinuity analysis. We begin by 
describing the fit of the mixture model; the maximum 
likelihood estimates (MLEs) for the parameters in our 
model are given in Table 4. Our mixture model lends 
itself well to graphical visualization; the MLE fit of our 
model on top of the empirical histogram is plotted in 
Figure 9. In grey, we have generated a histogram of 
empirically observed p-values from our data set; on top 
of this, we show the best-fit maximum likelihood esti-
mate, as specified above. This graph is broken up into a 
null component (f0) and a composite “alternative” com-
ponent (fa → f1 + f2), corresponding to data generated 
from a mixture of positively skewed beta densities. 
Because the density function outlined here is clearly 

Figure 8. (Color online) Theoretical Distribution of p-values Near Significance Threshold 

(a) Without p-hacking (b) With p-hacking

Notes. The regions marked πl and πr represent the relative proportions of the p-value distribution immediately below and above the threshold of 
interest, τ → 0:05. Along with a given sample size N and specified bandwidth parameter h, these parameters fully identify the null distribution of 
our test statistic.
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continuous at 0.05, it provides a theoretically motivated 
null model to facilitate hypothesis testing in the follow-
ing sections.

Having computed the best-fit mixture model, we can 
now report the results of our hypothesis test for disconti-
nuity in our data at the τ → 0:05 threshold. These results 
are displayed in Figure 10, with key statistics also sum-
marized in Table 5. Each of the three rows in the figure 
corresponds to a separate calculation for the bandwidth 
choices, h → 0:005, 0:01, 0:02. The left panel shows histo-
grams of the empirical distribution with bin width set to 
h (the corresponding h value is shown above each histo-
gram). The primary characteristic of these histograms 
being considered is the difference between the bin 
counts immediately above and below the 0.05 threshold. 
These have been filled in to highlight the portion of the 
data that is used for the local discontinuity tests. Addi-
tionally, the MLE fit of the beta-uniform mixture model 
is shown as a solid black line above the histograms. The 
right side of the panel shows the null distribution of the 
test statistic (based on the MLE fit), along with the 
empirically observed test statistic S↘. This value corre-
sponds directly to the difference in the highlighted histo-
gram bin heights above and below 0.05. The p-values for 
each test are displayed above the graphs of the test statis-
tic distributions. Because we have conducted a one- 
sided hypothesis test, p-values are computed by 

calculating the proportion of the test statistic’s null dis-
tribution that lies above the observed value; this integra-
tion has been represented visually by shading the region 
of the null distribution above the observed test statistic.

As can be seen, the p-values from our tests are all well 
above any reasonable significance level for any value of 
the bandwidth parameter (p → 0:83, 0:55, 0:37). In statis-
tical terms, we are unable to reject the null hypothesis of 
continuity in the underlying density function of p-values 
near the 0.05 threshold. In behavioral terms, these results 
provide no evidence for the form of p-hacking described 
earlier on the part of the firms in our sample.

Recall that the results reported above correspond to 
the version of our model with K → 2 beta-distributed 
mixture components and one uniform component. To 
ensure our results are not sensitive to this assumption, 
we also performed our analysis for values of 
K ↑ {3, 4, 5}, and we report the corresponding results of 
our discontinuity test in Table 6. The results from these 
tests are all very consistent with our primary analysis, 
demonstrating that our null finding above is robust to 
this particular parameter.

4.4.1. Interpreting the Null Result and Counterfactual 
Analysis. It is important to recognize that absence of 
evidence is not evidence of absence. As in all frequentist 
hypothesis testing, it is not possible for us to “test for” a 
null hypothesis. In this case, we cannot say for sure that 
the experiments in our data set were not p-hacked, 
merely that the method we developed was unable to 
reject the null hypothesis at conventional significance 
levels. However, there are several steps we can take to 
better understand and contextualize what our results 
can and cannot say about the presence of p-hacking in 
our sample. We begin by considering the confidence 
intervals associated with our main effect, move on to dis-
cuss some of the nuances associated with quantifying 
the effect we are trying to detect, and then describe our 
attempt at measuring the power of our discontinu-
ity test.

We describe in Online Appendix B how one can adapt 
our test procedure to define both the one-sided and two- 
sided 95% confidence intervals around our main test sta-
tistic. These intervals are shown in Table 7, and have 
been calculated using the same three bandwidth thresh-
olds as above. For now, consider the test with h → 0.02, 
which has the widest confidence intervals among our 
three analyses. The two-sided 95% confidence interval 
for the size of the discontinuity at the p → 0.05 threshold 
is ( 16, 22). To interpret these numbers, consider that 
our test statistic is constructed as the difference between 
the number of p-values below and above the significance 
threshold. If one imagines simplistically that a p-hacked 
test is one that moves a result that would have fallen 
in the window directly above the 0.05 threshold to the 
window below the threshold, this would cause the 

Table 4. MLE Parameter Estimates

Parameter Estimate

π�0 0.802
π�1 0.168
π�2 0.030
a 1 0.237
a2 0.010
b1 1.536
b2 1.384

Figure 9. (Color online) MLE Fit and Empirical Histogram 
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difference in our test statistic to increase by two. This 
suggests it may be better to divide this statistic in half 
when attempting to translate the result into a “number 
of experiments that were p-hacked.” With this particular 
interpretation, our data would indicate that no more 

than 11 experiments (the upper end of the 95% confi-
dence interval divided by two)—or 0.53% of the tests in 
our total sample—may have been p-hacked. Although 
such reasoning can be a useful thought experiment, we 
argue one should not interpret our results using this 

Figure 10. (Color online) Results of Asymmetric Caliper Test for Discontinuity at τ → 0:05 

Notes. Our primary statistical test measures the difference between the number of p-values above/below the 0.05 threshold and compares this 
value to a theoretically derived null distribution of this statistic, based on fitting a beta-uniform mixture model to the observed data. We perform 
this test three times, once for each of the bandwidth values h → 0:005, 0:01, 0:02. Empirically observed histograms for each of these bandwidth 
values are shown in the left column (open/filled bars), along with the MLE-fit beta-uniform mixture model (black line). In the right column, for 
each h, we plot the corresponding null distribution of our test statistic (derived in Online Appendix B, Equation (3)) and the empirically observed 
difference in bin heights, S↘. Taking the proportion of the null distribution that lies above S↘ (filled region) gives us the one-sided p-value for our 
discontinuity test (see Equation (8) in Online Appendix B for precise definition). No p-value among the outcomes we observe (p → 0:83, 0:55,0:37) 
approaches conventional levels of significance, indicating we cannot reject a null hypothesis that assumes continuity in the underlying density of 
p-values in our data set.

Table 5. Primary Tests for Discontinuity at the τ → 0:05 Threshold

Bandwidth
Values left of 
threshold nl

Values right of 
threshold nr Empirical difference S↘

Expected difference 
E[Ŝ]

Asymmetric caliper 
p-value

h → 0.005 12 17  5 0 0.83
h → 0.01 29 29 0 2 0.55
h → 0.02 61 52 9 6 0.37
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simple logic. This is because it is simply not true that the 
difference between a “p-hacked” and a “not p-hacked” 
experiment is that its p-value would move from just 
above 0.05 to just below 0.05. It is instructive to under-
stand why this is the case.

In our context, p-hacking can manifest in two ways. 
First, tests with genuine differences between treatment 
arms might naturally yield p-values close to zero. If p- 
hacked, these tests could prematurely stop once the p- 
value is below 0.05, shifting it from nearly zero to just 
under this threshold. Conversely, p-hacking can be 
applied to tests with effect sizes that are effectively null 
(implying their p-values are uniformly distributed). In 
these scenarios, an experimenter might extend their data 
collection until the p-value happens to fall below 0.05 by 
chance. Without ground-truth knowledge of the actual 
effect sizes, distinguishing p-hacking types and inter-
preting a discontinuity’s magnitude is challenging. All 
p-hacking creates a discontinuity at the critical thresh-
old, but without knowing true effects, we are unable to 
deduce the exact magnitude of the “number of p-hacked 
experiments.”

Nonetheless, it would be very useful—both for con-
ceptual reasons and to interpret the results of our 
analysis—if we could quantify the “effect size of p- 
hacking” in some way. We propose one way to think 
about this effect, which is as the proportion of experiments 
that were intended to be p-hacked. For every A/B test a firm 
could run, we imagine two possible scenarios: In the first 
scenario, the experiment is run in a “natural” state with-
out any interference of p-hacking behavior (i.e., we 
assume the experiment ends for exogenous reasons 
unrelated to the test’s p-value). In the second scenario, 
the test is run with the intention of being p-hacked, 
where the stopping time of the experiment is deter-
mined by how its p-value evolves over time. In this case, 

p-hacking would proceed along the lines described in 
the previous paragraph, where an analyst might stop a 
test before its “natural” lifetime, or extend it beyond its 
natural lifetime depending on the underlying data gen-
erating process.

Based on this understanding, we have developed a 
procedure that allows us to counterfactually p-hack the 
experiments in our data set. In addition to observing the 
terminal p-value associated with each test in our sample, 
we also observe (a) the raw outcomes of the data used to 
derive the p-value (e.g., the number of user sessions and 
conversions observed in each test arm) and (b) the dura-
tion of each experiment in days. Using these data, we 
can simulate what the contemporaneous p-value would 
be throughout the duration of each test. We can then 
simulate what the terminal p-value of a test would be if it 
were p-hacked. Our full simulation procedure is 
described in Online Appendix C, but, in short, our pro-
cess is as follows: Assume some effect size q ↑ [0, 1] is 
given (i.e., the proportion of experiments that were 
intended to be p-hacked). Take a random sample of ≃qN⇐
experiments from our data set and “counterfactually” p- 
hack them; this involves randomly dividing up the num-
ber of observations across the lifetime of an experiment, 
calculating the p-value at each interval of time through-
out the life of an experiment, and ending an experiment 
early if its p-value becomes significant within its 
observed duration. If a counterfactually p-hacked test 
has not reached significance by the end of its natural 
duration, we simulate the effect of extending data collec-
tion for a period of time and stop the experiment at the 
first point a p-value dips below 0.05.

An important factor that determines precisely how 
“the proportion of experiments intended to be p- 
hacked” maps onto the shape of the final distribution of 
terminal p-values is the frequency at which each test’s p- 
value is checked. Truly continuous monitoring would 
consist of checking the p-value of a test after every new 
observation. That being said, this form of p-hacking 
would be unrealistic in our context. Based on our con-
versations with employees at the platform, it is more 
common for experimenters to check their results daily, 
weekly, or with a frequency somewhere in between.12

To visualize how these different forms of p-hacking 
would manifest in the distribution of terminal p-values, 
we have performed the simulation described above for 
varying proportions of p-hacked experiments q ↑ [0, 1]
and plotted the distribution of resulting p-values near 
the 0.05 significance threshold. In Figure 11(a), we used 
a procedure that simulates the effect of checking p- 
values every 24 hours; in Figure 11(b), we perform the 
same analysis, except simulate the effect of checking p- 
values on a weekly basis. What is apparent in these visua-
lizations is that checking p-values less frequently makes 
it more difficult to observe the discontinuity in the p- 
value distribution near 0.05. That being said, even if only 

Table 6. Discontinuity Test Results (p-values) for Different 
Numbers of Mixture Components (K)

K → 2 K → 3 K → 4 K → 5

h → 0.005 0.834 0.828 0.837 0.841
h → 0.01 0.553 0.562 0.574 0.587
h → 0.02 0.368 0.402 0.426 0.461

Notes. This table reports one-sided p-values from the asymmetric 
caliper test, applied to our data at the τ → 0:05 threshold. The 12 
specifications were generated by varying the number of mixture 
components (K) and bandwidth parameters (h).

Table 7. Confidence Intervals

Bandwidth h

0.005 0.01 0.02

One-sided 95% confidence interval ( ⇒, 3) ( ⇒, 10) ( ⇒, 19)
Two-sided 95% confidence interval ( 14, 4) ( 14, 12) ( 16, 22)

Miller and Hosanagar: p-Hacking in E-Commerce A/B Testing 
18 Information Systems Research, Articles in Advance, pp. 1–27, © 2025 INFORMS 



a fraction of experiments are p-hacked, the effect of this 
behavior should be noticeable.

In fact, we can be more precise about this observation 
and use our simulation procedure to quantify how often 
our statistical test is able to detect a discontinuity at the 
p-hacked significance threshold. To this end, we esti-
mated the power curve of our statistical test in the fol-
lowing way: For each of several values of q ↑ [0, 0:20], 
we took a bootstrap sample of tests from our data set 
(using n → 2,270 and sampling with replacement), simu-
lated the p-value distribution we would observe if a frac-
tion q of the tests were deterministically p-hacked (i.e., 
stopped on the first time a p-value below 0.05 was 
observed), performed our asymmetric caliper test, and 
took note of whether our test was able to detect a discon-
tinuity at the α → 0:05 significance level. For each value 
of q, for various values of the bandwidth parameter h, 
and for both daily and weekly forms of p-hacking, we 
repeated this procedure 1,000 times and took note of the 
percentage of the 1,000 repeats in which we detected a 
discontinuity. (This procedure is described in detail in 
Online Appendix C.) The results of this analysis are 
summarized in Figure 12.

For the most sensitive version of our test procedure 
(i.e., with h → 0.02), this analysis estimates we would 
have 80% power to detect an effect size of q ⇑ 0:035 for 
daily p-hacking and q ⇑ 0:065 for weekly p-hacking. To 
be sure we interpret these results correctly, note that 
real p-hacking behavior would obviously be less deter-
ministic than the behavior we are simulating. How-
ever, this method does capture many of the essential 
dynamics of real p-hacking behavior and is able to 

quantify the power of our testing procedure while also 
keeping the problem tractable and interpretable. If we 
believe real firms monitor their experiments more fre-
quently than once a day, then our simulations should 
underestimate the consequences of this behavior on 
the distribution of terminal p-values. If, on the other 
hand, we believe p-hacking behavior occurs less fre-
quently than once a week, then the power of our test is 
lower than what we report in Figure 13(b). However, 
we believe the most common forms of real-world p- 
hacking behavior would very likely fall somewhere 
between these two extremes.

So although we cannot conclusively rule out the pres-
ence of p-hacking in our sample, we can say with reason-
able confidence that if there were a positive effect of 
p-hacking in our data set, it would affect fewer than 
3%–6% of the experiments in our sample. Even in the 
worst-case scenario that there is an effect and its magni-
tude is on the upper end of this range, this estimate is 
smaller by nearly an order of magnitude when com-
pared with existing estimates of the prevalence of 
p-hacking in similar contexts (Berman et al. 2018). To 
summarize: we find no evidence for the hypothesis that 
e-commerce firms p-hack at the 5% significance thresh-
old. Further, if even a small fraction of experimenters 
were systematically engaging in this behavior, the analy-
ses laid out here demonstrate that our methodology 
would have the ability to detect this effect. We empha-
size that across the many specifications we have ana-
lyzed, we find no positive evidence for the presence of a 
discontinuity in our empirically observed distribution of 
p-values.

Figure 11. (Color online) p-value Distributions from Counterfactually p-Hacked A/B Tests 

Notes. For each subplot, we randomly select a fraction q of tests in our sample and simulate what their p-values would have been throughout the 
lifetime of each test. In panel (a), experiments are counterfactually p-hacked by checking p-values once every 24 hours; in panel (b), the experi-
ments are p-hacked by checking p-values once every seven days. For full details on the simulation procedure, see Online Appendix C.
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4.5. Investigating Other Forms of p-Hacking
Given that our primary analysis resulted in a null out-
come, it is natural to ask if there is evidence for other 
forms of p-hacking behavior in our sample.

4.5.1. Alternative Thresholds. One possibility we have 
yet to consider is that firms p-hack their A/B tests at 
thresholds other than the platform default of “95% con-
fidence.” Given that the platform in our context had a 
very clear default around the 95% threshold, we believe 

it to be unlikely to find evidence for discontinuous 
behavior at these other thresholds, but nonetheless 
report the results of analyses that investigate behavior 
around the 90% and 99% thresholds (or the 0.10 and 0.01 
thresholds in the observed distributions of p-values). 
Fortunately, the method we developed can easily be 
adapted to test for discontinuities at these other thresh-
olds. The results of these statistical tests—conducted for 
varying bandwidth levels—are shown in Tables 8 and 9. 
We have also plotted histograms of our data near these 

Figure 12. (Color online) Power (Sensitivity) Analysis of Asymmetric Caliper Method for Detecting p-Hacking 

(a) Simulated daily p-hacking (b) Simulated weekly p-hacking

Notes. These are plots generated by using Monte Carlo simulations, where for each of 1,000 bootstrap samples per effect size q, we simulate the 
daily (weekly) time series of p-values for all experiments in our data and counterfactually p-hack a proportion q of them. For each simulation, we 
perform our asymmetric caliper test for discontinuity and report the “power” of our test as the percentage of times our test detected a significant 
effect at the 5% level. Results are grouped by bandwidth size h.

Figure 13. (Color online) Histograms of p-values Near the τ → 0:01 Threshold 
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thresholds (along with bootstrapped confidence inter-
vals) in Figures 13 and 14. In none of these analyses do 
we find evidence for discontinuous behavior around the 
0.10 or 0.01 significance thresholds.

Another possibility worth considering is that firms 
may be using different thresholds to p-hack their experi-
ments (e.g., one firm may p-hack at 0.05 and another at 
0.10). We explore this topic in more depth in Online 
Appendix E, where we simulate more complex firm 
behavior and estimate the robustness of our methods for 
detecting p-hacking. Although this type of heterogeneity 
would potentially diminish the power of our test, we 
conclude that (if a meaningful amount p-hacking were 
indeed occurring) we should still be able to see evidence 
of this behavior in the distribution of p-values and detect 
some form of discontinuity with our proposed methods.

4.5.2. Alternative (Nontarget) Metrics on the Testing 
Dashboard. Recall (from Section 3.1.1) that the testing 
platform allows firms to choose a primary “target” met-
ric for each A/B test; in 95.6% of tests, this metric was set 
to user conversion rate. But also recall that the platform 
reports the effect sizes and confidence levels for eight 
metrics by default (see Figure 2). Although we have 
argued that the most plausible place to look for p-hack-
ing behavior is in the distribution of p-values for the tar-
get outcome metric, there are potentially many other 
ways that the entirety of data reported by the testing 
platform could have influenced experimenters’ behav-
ior. For example, perhaps analysts were focusing on 
multiple metrics of interest without going to the trouble 
of specifying them as “target” metrics in the platform’s 
testing interface. It seems reasonable—especially in our 
sample of firms that are all engaged in some form of 
e-commerce retailing—that metrics such as the add-to- 
cart rate and average revenue could have particu-
lar relevance.

For each outcome variable, we filter out any experi-
ments that failed to meet the platform’s statistical report-
ing thresholds; in total, we are left with 16,093 p-values 
across the eight metrics. We plot the local distribution of 

terminal p-values from all eight metrics and report the 
results of our asymmetric caliper test applied to each of 
these outcomes at the τ → 0:05 significance threshold. 
These data are shown visually in Figure 15, and the 
results of our test for discontinuity are summarized in 
Table 10. As can be seen, there is little evidence for p- 
hacking at the τ → 0:05 (95% confidence) threshold for 
any of the outcome metrics visible to firms on the plat-
form’s testing dashboard. For the cart abandonment and 
pageview metrics, we do observe a p-value below 0.05 
when testing for a discontinuity using the bandwidth 
h → 0.01; however, evidence for these discontinuities 
does not remain robust to other choices of the band-
width parameter. Given that we conducted 24 different 
tests for discontinuity in this process (eight metrics 
across three bandwidth values), it is not terribly unex-
pected that at least one of our test results appears 
“significant.” Also, we note, in situations where we 
know the experiments have been p-hacked (i.e., from 
simulation evidence reviewed in Figure 12), we can see 
that test sensitivity increases with bandwidth size. How-
ever, as can be seen in the third column of Table 10, evi-
dence for discontinuities in the p-value distributions of 
these two metrics using the h → 0.02 bandwidth is 
conspicuously absent. As such, we consider the total evi-
dence for discontinuities around the significance thresh-
old for any metric to be weak. On the whole, there 
appears to be little to no evidence for p-hacking behavior 
across different experimental outcomes.

4.5.3. Potential for Heterogeneous Behavior in Sub-
samples. Given the null results in our main analysis, a 
natural question to ask is if there is a subsample of our 
data that can be characterized by some dimension of het-
erogeneity (e.g., small firms versus large firms, or tests 
with large effects versus small effects) in which p-hack-
ing is more likely to occur. We do not categorically rule 
out this possibility, but it is worth highlighting why this 
would be surprising to find in light of the evidence 
already presented. Note our analysis is specifically 
designed to detect the presence/absence of p-hacking in 
our sample. This scenario differs from other types of 
analysis in which heterogeneous effects across sub-
groups might cancel out in aggregate, resulting in a null 
main effect. If p-hacking occurred in any subset of our 
experiments, we would expect some evidence of a dis-
continuity to be preserved in the full sample. Though 
combining p-hacked and non-p-hacked p-values may 
introduce some noise, it should not eliminate the discon-
tinuity entirely. So although we are not claiming that 
absolutely no p-hacking occurred on the platform in 
question, the fact that we failed to find evidence for this 
behavior in our main analysis suggests it must have 
been relatively rare across the board. In particular, recall 
from our analysis in Section 4.4.1 that our methods 

Table 8. Test for p-Hacking at the τ → 0:01 Level

H nl nr S↘ E[Ŝ] p-value

h → 0.001 7 5 2 0 0.67
h → 0.002 11 11 0 1 0.37
h → 0.005 35 27 8 7 0.54

Table 9. Test for p-Hacking at the τ → 0:10 Level

H nl nr S↘ E[Ŝ] p-value

h → 0.01 27 17 10 0 0.92
h → 0.02 47 35 12 2 0.86
h → 0.05 119 108 11 12 0.46
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should be able to detect p-hacking if it occurred in in 
approximately 3%–6% of the tests in our sample.

5. Discussion
As academic and industrial sciences continue to cross- 
pollinate ideas and methodologies, it is increasingly 
important to understand when and how statistical tools 
adapted from one domain enhance or impair decision 
making in the other. Over the past decade, firms in the 
e-commerce, media, and software industries have 
quickly adopted the use of randomized experiments—a 
mainstay tool of academic and medical sciences—for 
informing strategic and marketing decisions. Over the 
same time period, the potential for abusing scientific 
techniques—and a particular form of abuse called p- 
hacking—has attracted a significant amount of interest 
from practitioners, academics, and scientific commenta-
tors. Existing literature on the subject of p-hacking sug-
gests it is ubiquitous in academic science, and several 
researchers have claimed the issue is similarly wide-
spread in industrial contexts. In this project, we had the 
opportunity to investigate the behavior of 242 firms 
using experimentation software in an economically con-
sequential context. We set out to determine if a certain 
form of p-hacking—in which analysts use sample size 
flexibility to obtain statistically significant results—is 
present in our sample of nearly 2,300 e-commerce A/B 
tests. We posited (and also demonstrated) that if firms 
have a salient significance threshold they are trying 
to reach, this type of p-hacking would result in a discon-
tinuity in the distribution of p-values. We looked for 
evidence of such a discontinuity across multiple signifi-
cance thresholds and across multiple metrics available 
to users of the A/B testing software and found null evi-
dence in essentially all cases.

5.1. Generalization to Other A/B Testing Contexts
As in all empirical analyses, care should be taken 
when considering how results from one domain may 

generalize to others. Though we have hundreds of firms 
and thousands of tests in our data set, our research con-
text is limited to the behavior of analysts on one com-
mercial experimentation platform, and there may be 
idiosyncrasies of this platform that are important for 
contextualizing our results. For example, recall that the 
most commonly selected target metric for tests in our 
sample is conversion rate (i.e., purchase incidence)—an 
outcome which may be less easy to manipulate com-
pared with other outcomes. If firms are more interested 
in affecting outcomes such as engagement, dwell time, 
or click-through rate, interventions on these outcomes 
may have larger effect sizes and be more susceptible to 
p-hacking. Also recall our sample of firms consists 
mostly of well-established e-commerce businesses that 
may have more web traffic (and larger sample sizes) 
than other contexts where A/B testing is used (e.g., 
email marketing and web design for small businesses). 
On average, p-values from tests with small sample sizes 
are more variable and likely to change in response to 
new data, suggesting again that the incidence of p-hack-
ing may be different in other settings. We also reiterate 
that all the firms in our sample paid a nontrivial monthly 
fee to use the experimentation platform in question; this 
indicates the firms have more than a casual interest in 
data-driven decision making and A/B testing, and sug-
gests our results may not directly generalize to free 
experimentation tools. Further, our study will have little 
to say about experimentation practices at companies 
who use their own bespoke A/B testing tools (including 
prominent technology companies such as Google, 
Microsoft, Amazon, etc.), because the expertise, proto-
cols, and objectives of analysts at these companies 
should be expected to be different from those in our 
sample.

This being said, we believe the characteristics of the 
platform we study here are such that our findings will 
have some degree of broader relevance. Our sample is 
comprised of hundreds of e-commerce firms that use 
A/B testing to inform consequential decisions about 

Figure 14. (Color online) Histograms of p-values Near the τ → 0:10 Threshold 
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their websites’ designs. And we emphasize the similari-
ties between the platform studied here and the other 
A/B testing products reviewed in Section 2—in terms of 
their use of WYSIWYG editors, continuous reporting of 
experimental data via dashboard interface, and design 
cues applied to statistically significant test results. To be 
sure, future research on A/B testing in other industrial 
environments would be useful for helping us under-
stand if and how different contextual factors affect p- 
hacking behavior. Despite the widespread commentary 
on the subject reviewed in Section 2.3, there exists rela-
tively little published empirical evidence on p-hacking 
in commercial settings, and we hope this project serves 
as an impetus for more inquiry.

5.2. Contextualization in Light of Existing 
p-Hacking Literature

There exist numerous studies on p-hacking in academic 
settings where it has been found to be prevalent. A natu-
ral question to consider given the results of our analysis 

is why a phenomenon that is widespread and easy to 
detect in these settings appears absent in our context. In 
Section 2.3.2, we discussed several explanations that are 
useful to review here: statistical literacy, logistical limita-
tions of p-hacking, aligned economic incentives between ana-
lysts and firms, and organizational learning. Although we 
cannot definitively say any particular factor drives the 
results in our setting, this project has provided some 
context for understanding the incidence of p-hacking on 
A/B testing platforms. To facilitate this discussion, we 
reiterate some of the key characteristics of our sample 
(described in Section 3): the users of the testing platform 
are mostly marketers, analysts, and web developers 
working for e-commerce retailers. We believe it is safe to 
assume the typical users of the testing platform would 
have had less statistical training than the typical aca-
demic researcher. Indeed, we described in Section 2 how 
most A/B testing platforms are explicitly designed to 
facilitate the use of experimental methods among mar-
keters and analysts without statistical expertise. Given 

Figure 15. (Color online) Local Histograms for All Outcome Metrics 

Notes. The figure shows histogram plots of raw data near the 0.05 significance threshold, shown for each of the eight outcome metrics visible in 
the testing platform’s dashboard. We have also plotted 95% bootstrap confidence intervals around the observed bin counts.

Table 10. Results of Tests for Discontinuity at the τ → 0:05 Threshold, for All Eight Outcome Metrics

Bandwidth: h → 0.005 Bandwidth: h → 0.01 Bandwidth: h → 0.02

Metric nl nr S↘ E[Ŝ] p-value nl nr S↘ E[Ŝ] p-value nl nr S↘ E[Ŝ] p-value

Conversion rate 13 17  4 0 0.776 30 29 1 1 0.500 66 54 12 6 0.254
Revenue per session 10 9 1 0 0.404 24 27  3 1 0.694 59 55 4 6 0.541
Add-to-cart rate 23 17 6 0 0.120 38 31 7 2 0.225 74 59 15 8 0.238
Cart abandonment rate 15 10 5 0 0.139 32 20 12 1 0.043* 55 44 11 5 0.245
New user conversion rate 14 10 4 0 0.192 31 20 11 1 0.065 49 44 5 5 0.479
Bounce rate 16 12 4 0 0.188 25 26  1 1 0.599 55 56  1 5 0.729
Pageview count 20 19 1 1 0.430 44 29 15 3 0.048* 87 77 10 11 0.517
Time on site 15 17  2 1 0.657 30 32  2 3 0.698 58 60  2 11 0.858

*p< 0.05.

Miller and Hosanagar: p-Hacking in E-Commerce A/B Testing 
Information Systems Research, Articles in Advance, pp. 1–27, © 2025 INFORMS 23 



that p-hacking is known to occur in academic settings 
where analysts presumably have more statistical educa-
tion, this suggests that differences in statistical literacy 
or formal training are not strong candidates for explain-
ing why p-hacking appears in some contexts but not 
others. Further, recall from our discussion in Section 
4.4.1 how we demonstrated that even if a small percent-
age of experiments (on the order of 3%–6%) were regu-
larly monitored for significant statistics, this behavior 
would result in a reliably detectable discontinuity in our 
data set’s distribution of p-values. This suggests that the 
type of p-hacking investigated in this project is logisti-
cally feasible as a matter of principle, and not obviously 
ruled out by contextual factors such as the typical sam-
ple or effect sizes of experiments on the platform.

Although more research is clearly necessary, we 
believe the results of this project highlight the potential 
role of the other factors we have discussed: economic 
incentives and the ability of analysts to learn how to 
interpret statistical evidence through experience and 
implementation. We have mentioned the work of Ber-
man et al. (2018), which finds some evidence of p-hack-
ing behavior on a similar but different experimentation 
platform (Optimizely). Although there are several dif-
ferences between our two contexts, one factor we high-
light is that Optimizely had a free trial and freemium 
pricing strategy during their study period. The platform 
our data come from has never had a free tier, meaning 
that all firms in our sample paid a nontrivial monthly fee 
to use the testing platform’s services. Although it is not 
clear what fraction of experiments in the Optimizely 
sample come from free users, this distinction between 
our samples may correlate with other firm characteris-
tics that predict p-hacking behavior. We highlight one 
possibility, which is that firms that have paid for a test-
ing service are more incentivized to use it in a way that 
yields more robust results. To the extent that one 
believes employee and firm incentives are aligned, our 
results are consistent with the theory that industrial 
practitioners face at least some economic incentive to 
avoid engaging in p-hacking behavior.

To further develop this line of thinking, it is instruc-
tive to compare the explanations proffered above across 
academic and industrial contexts. In academic science, 
there is a putative incentive for researchers to publish 
true and robust results; that being said, some research 
has suggested the incentives for novelty and publication 
are stronger and not necessarily aligned with incentives 
for truth finding and robustness (Open Science Collabo-
ration 2015, Shaw and Nave 2023). In Brodeur et al. 
(2023), the authors find evidence that academic papers 
in economics are p-hacked prior to formal journal sub-
mission and that reviewer evaluations are correlated 
with a submission’s statistical significance. The paper 
also documents a widespread belief among practitioners 
that editors and reviewers have strong preferences for 

“significant” results, potentially explaining the preva-
lence of p-hacking in settings where academic publica-
tion is a key objective of a statistical analysis.

In contrast, industrial analysts use statistical tests to 
make instrumental decisions in their businesses. In this 
setting, there is a direct connection between statistical 
rigor and economic value. Further, whereas in academic 
science, p-hacked results might only be revealed in the 
event of a replication or detailed analysis by a motivated 
methodological researcher, industrial firms that run 
A/B tests almost always immediately implement the 
interventions they are testing after an experiment. This 
means industrial analysts have a much more consistent 
and shorter feedback loop between statistical analysis 
and real-world implementation. This may give analysts 
the ability to quickly learn how p-hacking can lead to 
spurious results through first-hand experience, and 
allow them to adjust their behavior accordingly. We do 
not claim to have proven that these factors definitively 
explain our findings, but—particularly in contrast to 
prior literature on this subject—we believe our results 
reinforce the importance of (i) economic incentives and 
(ii) short feedback loops between experimentation and 
application for improving statistical rigor across institu-
tional settings.

5.3. Conclusion
We conclude with several managerial implications of 
our project. First, our findings provide some evidence 
that p-hacking is not the default, inevitable outcome of 
providing experimenters with access to continuous data 
streams of experimental results—the current standard 
industry practice in A/B testing. Though we cited many 
articles in this paper warning about the perils of p-hack-
ing in managerial decision making, when we investi-
gated this phenomenon rigorously in a large sample of 
e-commerce websites, we failed to find evidence of this 
behavior in our research context. Our finding may give 
managers a measure of confidence in using and inter-
preting classical A/B test results to inform consequential 
decisions. In particular, though sophisticated experts 
recommend the use of more advanced statistical techni-
ques from the sequential testing literature (such as the 
sequential probability ratio test) to prevent the negative 
effects of optional stopping or data peeking, our results 
suggest this extra effort may not be necessary (Larsen 
et al. 2024). If we accept our earlier conclusions about the 
importance of economic incentives and organizational 
learning processes, our findings suggest that these fac-
tors may be sufficient to encourage statistical rigor in 
data-driven decision making. Rather than focusing 
solely on technical solutions, managers might consider 
prioritizing the development of an organizational cul-
ture that aligns incentives with sound methodological 
practices. These conclusions would be consistent with 
and underscore existing advice given in the popular 
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industry handbook Trustworthy Online Controlled Experi-
ments (in chapter 4, “Experimentation Platform and 
Culture”), in which the authors suggest that managers 
should “[improve] agility with short release cycles to cre-
ate a healthy, quick feedback loop for experimentation,” 
and that “[t]hey must provide the right incentives, pro-
cesses, and empowerment for the organization to make 
data-driven decisions” (Kohavi et al. 2020, p. 61).

Perhaps the clearest implication of our research is that 
before making dramatic changes to experimentation 
practices—whether it be adopting a new statistical frame-
work or retraining analysts on best practices—it is pru-
dent for firms to determine whether p-hacking is indeed a 
problem for them in the first place. This is true for individ-
ual practitioners, experimentation teams at larger compa-
nies, and testing platforms themselves. Assuming firms 
have access to data on a reasonable number of prior 
experiments, the methods described in this paper can be 
used to investigate p-hacking behavior among such pro-
prietary datasets. In total, we believe this project serves as 
an important contribution to the literature on the indus-
trial practice of statistical science.
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Endnotes
1 This figure does not account for internally developed experimen-
tation tools, which are known to be widely used at large technology 
companies.
2 See Schneider (2015) for a discussion on the origin of the modern, 
commonly used practice of NHST and its relationship to the founda-
tional statistical methods developed by Fisher, Neyman, and Pearson. 
Also see Leahey (2005), who documents how the adoption of statisti-
cal reporting practices among prestigious editors and institutions led 
to the proliferation of significance testing in social science.
3 At larger organizations, a significant amount of resources has 
been allocated to studying and ameliorating the problems created 
by continuous monitoring; research labs at Microsoft, Walmart, 
Twitter, AirBnb, Uber, and Optimizely have all published recent 
work on the topic (Overgoor 2014, Pekelis et al. 2015, Deng et al. 
2016, Lu 2016, Abhishek and Mannor 2017, Feng 2017).
4 Some commentators have stated that these platforms were specifi-
cally “designed for the uninformed” (Kohavi 2018).
5 It was also around this time that similar issues around multiple 
comparisons and false positives emerged as a prominent issue in 
several fields of applied academic science, including psychology, 
economics, and biostatistics; some commentators explicitly use the 
academic discussion around p-hacking as motivation for calling for 
better industrial practices (Walker 2015).
6 In the original circumstances in which Ronald Fisher developed 
his theory of p-values, this assumption was entirely reasonable. His 
analysis was primarily motivated by the problem of selecting potato 
varieties that best responded to fertilization, a context in which 
results can only be observed at a discrete point in time (after an 

entire season’s harvest). However, contrast this context with mod-
ern A/B testing, in which experimental results accumulate over 
time and can be observed continuously and instantaneously.
7 Work by Spiess (2018) specifically discusses a principal–agent 
model of p-hacking-type behavior, though in the academic rather 
than industrial context.
8 For a website with a baseline conversion rate of 3%, detecting a 
10% lift in relative terms (using common frequentist standards of 
80% power at a 5% significance level) requires over 100,000 
observations.
9 See https://netotraffic.com/alexa-traffic/ and http://domain.tips/ 
alexa-rank-traffic-converter/.
10 Although the null hypothesis may never be exactly true, this dis-
cussion provides an intuitive justification for the parametric form of 
our density function. Further, whether or not the null is precisely 
true in any case, we can see visually—observing the flatness of the 
p-value density above 0.05 in Figure 6—that a significant proportion 
of the p-value data can be well modeled with a uniform distribution.
11 Because an abundance of p-values below the significance thresh-
old is the only phenomenon consistent with p-hacking, we will only 
accept the alternative hypothesis (that our data have been p-hacked) 
if the number of observations left of the threshold exceeds the 
amount on the right.
12 Also recall from the discussion in Section 3.4.1 that a subset of 
analysts appears to make stopping decisions on a weekly basis.
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