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Sequential testing enables researchers to monitor and analyze data as it arrives, and
decide whether or not to continue data collection depending on the results. Although
there are approaches that can mitigate many statistical issues with sequential testing, we
suggest that current discussions of the topic are limited by focusing almost entirely on
the mathematical underpinnings of analytic approaches. An important but largely
neglected assumption of sequential testing is that the data generating process under
investigation remains constant across the experimental cycle. Without care, psychological
factors may result in violations of this assumption when sequential testing is used:
researchers’ behavior may be changed by the observation of incoming data, in turn
influencing the process under investigation. We argue for the consideration of an
‘insulated’ sequential testing approach, in which research personnel remain blind to the
results of interim analyses. We discuss different ways of achieving this, from automation
to collaborative inter-lab approaches. As a practical supplement to the issues we raise, we
introduce an evolving resource aimed at helping researchers navigate both the statistical

and psychological pitfalls of sequential testing: the Sequential Testing Hub
(www.sequentialtesting.com). The site includes a guide for involving an independent
analyst in a sequential testing pipeline, an annotated bibliography of relevant articles
covering statistical aspects of sequential testing, links to tools and tutorials centered
around how to actually implement a sequential analysis in practice, and space for
suggestions to help develop this resource further. We aim to show that although
unfettered use of sequential testing may raise problems, carefully designed procedures
can limit the pitfalls arising from its use, allowing researchers to capitalize on the

benefits it provides.

Sequential testing (also known as optional stopping) is
the practice of monitoring and repeatedly analyzing data as
a study progresses, and deciding whether or not to continue
data collection depending on the results. This has major
practical and ethical benefits: clinical trials can be stopped
as soon as sufficient evidence for benefit, harm, or absence
of effects has been convincingly established. Furthermore,
resources can be preserved by not running excessive num-
bers of participants if a conclusion can be reached using a
smaller sample size than expected.

As sequential testing involves repeated analyses, careful
corrections must be made when using frequentist statistical
approaches so as to avoid inflation of type 1 errors (see Lak-
ens, 2014 for an accessible overview; Wald, 1945). In con-
trast, some authors favoring Bayesian analytic approaches
(e.g., stopping testing once a critical Bayes Factor has been
reached) argue that sequential testing is ‘no problem for
Bayesians’ (Rouder, 2014), and that the stopping rule is ‘ir-

relevant’ from a Bayesian perspective (Edwards et al., 1963;
Lindley, 1957; Wagenmakers, 2007). Anscombe (1963, p.
381) asserted that experimenters “should feel entirely un-
inhibited about continuing or discontinuing” their experi-
ments and even changing the stopping rule along the way,
and corrections for sequential testing have more recently
been described as “anathema” to Bayesian reasoning (Wa-
genmakers et al., 2018). The supposition that using the
Bayes Factor as a decision criterion “eliminates the problem
of optional stopping” (Wagenmakers et al., 2012, p. 636) is
considered a major advantage of Bayesian approaches (Wa-
genmakers et al., 2018).

Researchers continue to debate whether Bayesian ap-
proaches advocated by the authors above resolve statistical
issues associated with interim analyses (de Heide & Griin-
wald, 2020; Kruschke, 2014; Yu et al., 2013), and whether
this debate points more to misinterpretations of the Bayes
Factor than problems with Bayesian approaches per se

a jw.b.elsey@uva.nl

©1GE|109/Z | Z69Y/£S6¥/L/L/APd-0[0NE/RIGE]|00/Npe"ssaIdon-auIuo//:dllY WOl PaPEojUMOQ

AWAYA 4

2202 J8qWIBAON GZ UO Jasn weplaiswy Jo Aysiaaun Aq jpd-ese;


https://orcid.org/0000-0002-6528-4601
https://doi.org/10.1525/collabra.24953
http://www.sequentialtesting.com/
https://doi.org/10.1525/collabra.24953

Don’t Forget the Psychology in Analyses of Psychological Data: The Case of Sequential Testing

(Rouder, 2014; Rouder & Haaf, 2019). Whatever one’s per-
spective on the relative merits of different analytic ap-
proaches, if Bayesian approaches — or indeed appropriately
corrected frequentist approaches — do provide a solution to
certain statistical pitfalls, can they be said to have elimi-
nated ‘the’ problem of sequential testing? The answer, we
argue, is no. Potential issues with sequential testing are
also psychological: incoming data may affect researchers, in
turn causing them to influence the data-generating process
under investigation. We are not the only ones to have recog-
nized this, and below we discuss how others have proposed
to tackle this problem. While many, including the authors
above, would likely acknowledge the possible psychological
implications of sequential testing, the tenor of the state-
ments suggests that these issues may be underappreciated,
and some researchers reading these discussions of Bayesian
statistics in particular may miss that statistical issues re-
flect only one side of the possible pitfalls.

Several meta-scientific lines of research suggest that re-
searcher expectations and beliefs may influence the results
of experiments. The direction of experimental effects can
be shifted in line with what researchers are led to believe
should happen (Doyen et al., 2012; Gilder & Heerey, 2018;
Intons-Peterson, 1983; Klein et al., 2012; Rosenthal, 1994;
Rosenthal & Lawson, 1964; Rosenthal & Rubin, 1978). In
summarizing several experimenter effects observed across
studies involving experimenter interactions with both hu-
man and animal subjects, Rosenthal (2002a, p. 5) high-
lighted that: “When the first few subjects of an experiment
tend to respond as they are expected to respond, the behav-
ior of the experimenter appears to change in such a way as
to influence the subsequent subjects to respond too often
in the direction of the experimenter’s hypothesis”. Effects
of beliefs, expectations, and confidence in an intervention
are also apparent in studies of psychotherapy (Dragioti et
al., 2015; Leykin & DeRubeis, 2009; Luborsky et al., 1975;
Munder et al., 2011, 2012, 2013).

As one key goal of data analysis is to evaluate and update
our beliefs about psychological phenomena, it makes sense
that beliefs may change with new data. Valid sequential
testing relies on the assumption that the data-generating
process under investigation remains constant during data
collection. If sequential testing is not used carefully, re-
searchers’ beliefs and behavior may be changed by the ob-
servation of incoming data, in turn influencing the data-
generating process. Given the possible underappreciation
of such experimenter effects, it is worth briefly highlighting
the ways in which they could compromise a psychological
experiment, and dispelling some possible misunderstand-
ings of the nature of these effects. To guide the reader’s
intuition, we will begin with some hypothetical examples
that convey how peeks at interim data might influence a re-
searcher in unanticipated ways.

Misconceptions About Researcher Influences

“Blinding experimental conditions prevents the influence of
beliefs, or of changing beliefs, because the researcher cannot
choose to affect one condition vs. another”. Blinding of exper-
imental conditions can nullify certain interpersonal influ-
ences, the possibility that researchers are actively favoring

or disfavoring one condition over another, or that ratings
are affected by knowledge of the experimental condition
(Day & Altman, 2000). However, blinding is not always easy.
Psychotherapeutic trials may be a case in which the benefits
of sequential testing are especially apparent owing to their
high cost, difficulty, and desire to get the best treatments
out for patients as quickly and with as few ‘control’ patients
used as possible. Yet, blinding is notoriously difficult in
such trials: the therapist will almost certainly know what
treatment they are delivering, and the patient must actively
participate in it (Berger, 2015). Even if blinding can occur,
we suggest that changes to beliefs due to sequential testing
could still affect one treatment or experimental condition
over another, even in within-person experimental designs.
For example, beliefs about the presence or absence of an ef-
fect could impact a researcher’s overall attitude towards an
experiment, the diligence with which they execute it, and
the enthusiasm with which they interact with participants.
This may impact a researcher’s ability to engage with their
participants, which could be a necessary condition for them
to properly participate in the experimental task. A possible
effect may thus be nullified to the level of a baseline/con-
trol condition, even though the experimenter has not tried
to influence a specific condition.

“If beliefs or other such superficial factors affect an experi-
ment, then the effect should not be considered legitimate any-
way”. In some cases, ‘experimenter effects’ in an interven-
tion may be an unwanted or non-specific treatment factor.
For example, Kaptchuk et al. (2008) found that the warmth
of the administering clinician, but not the actual use of real
vs. sham acupuncture, was predictive of relief from irrita-
ble bowel syndrome (IBS) in acupuncture treatment. This
experiment clearly suggested that, in the case of IBS, it is
the attitude of the clinician rather than acupuncture itself
that produces beneficial effects. Hence, the acupuncture ef-
fect in IBS was not ‘real’ in the sense of being attribut-
able to acupuncture itself. However, in many cases a degree
of confidence, warmth, or enthusiasm may be a necessary
component of a legitimate mechanism (e.g., the conviction
to work with a patient and generate a bond with them in
order to tackle distressing issues in therapy). Peeks at in-
terim data may serve to increase or decrease these impor-
tant treatment components. Even in experimental studies,
participants must be sufficiently motivated to properly en-
gage with the task and stimuli at hand. This may be un-
dermined if the experimenter unwittingly telegraphs a blasé
attitude about the experiment owing to interim findings.

“We can simply measure experimenter beliefs and behavior
to control for or determine their influence”. Meta-research
on the changing attitudes and beliefs of experimenters is
certainly warranted. Indeed, other researchers have sug-
gested that not only the expectations of effects among ex-
perimenters, but also among participants, should be used to
more fully understand what is driving effects in experimen-
tal and clinical manipulations (Boot et al., 2013). However,
there are limits to this approach, most notably that we do
not know and cannot always measure the many factors that
may contribute to experimenter effects. It seems unlikely
that asking researchers about their enthusiasm or confi-
dence in a treatment, or confirming adherence to treatment
and experimental protocols, can account for the many sub-

Collabra: Psychology 2

©1GE|109/Z | Z69Y/£S6¥/L/L/APd-0[0NE/RIGE]|00/Npe"ssaIdon-auIuo//:dllY WOl PaPEojUMOQ

AWAYA 4

2202 J8qWIBAON GZ UO Jasn weplaiswy Jo Aysiaaun Aq jpd-ese;



Don’t Forget the Psychology in Analyses of Psychological Data: The Case of Sequential Testing

tle ways in which people might be affected across the exper-
imental cycle. Studies are also likely to be underpowered to
detect such effects, as many are designed to detect an over-
all treatment effect, not potentially subtle influences upon
it. Hence, while we agree that there could be great value in
measuring and understanding researchers’ beliefs across an
experimental cycle, we think it unlikely this would provide
a solution to the possible psychological problems raised in
sequential analyses.

We are not aware of any empirical tests of the possible
psychological effects of using sequential testing, and this
may warrant investigation (see ‘Acknowledging Limitations
and the Unknown’ below). Nevertheless, with the brief ex-
amples above it can be seen how such effects are at least
plausible, and could apply to a wide range of experiments
using either frequentist or Bayesian sequential analytic ap-
proaches. Means of precluding such effects are therefore
desirable.

Solutions to the Psychological Problems of
Sequential Testing

The key issue highlighted above is how the transmission
of information about the phenomenon under investigation
may influence the thoughts and actions of the researcher,
in turn compromising the data-generating process. Solu-
tions to this problem revolve around maintaining the bene-
fits of sequential testing, while keeping the researcher blind
to the results of interim analyses. We refer to this as in-
sulated sequential testing. One recently proposed solution
to this is automated sequential testing (Beffara-Bret et al.,
2019). For certain types of experiments, Beffara-Bret and
colleagues provide a protocol for directly linking data col-
lection to a blinded and automated analysis pipeline. Based
upon explicit, predefined stopping rules and analysis plans,
the output of this process can tell the researcher whether to
continue with data collection or not, without revealing the
results. This is a great development for tackling the issues
of sequential testing, though there are some drawbacks.
The technical/coding skills needed to set up this pipeline
- though reportedly modest — may be beyond many re-
searchers, especially those used to handling data with
point-and-click software rather than languages such as R or
Python.

Secondly, an automated pipeline may have limited utility
in studies where there are ethical concerns that might need
expert oversight, and for which all possible worrisome even-
tualities cannot be determined in advance. For instance, in
trials of some psychotherapeutic interventions, there is a
possibility of ethically concerning outcomes that may be
difficult to define or anticipate in advance - e.g., the av-
erage member of a treatment group may improve, while a
small minority show dramatically worsened outcomes that
do not occur in a control group.l In such cases, a stopping

requirement based on group mean comparisons may not
be triggered, but an informed expert may consider this as
grounds to pause the trial. Stopping criteria can of course be
put on metrics besides means or group comparisons, but in
ethically sensitive experiments one might worry whether all
the relevant possible outcomes have been considered. Deci-
sions about whether to stop an experiment or trial on eth-
ical grounds often involve a confluence of different factors
being weighed together on a case-by-case basis (Friedman
et al., 2015), and where serious ethically relevant outcomes
are in play, it is almost certainly irresponsible to think that
all eventualities can be coded into a blind pipeline without
oversight. An alternative solution in such cases is to have
independent or semi-independent analysts performing in-
terim analyses.

The U.S. Food and Drug Administration (FDA) has ad-
vised the use of ‘data monitoring committees’ (DMCs) in
some trials (FDA, 2006). These committees are typically
composed of domain-experts, ethicists, and statisticians
who monitor incoming data to determine if a trial should be
stopped early due to excessive risks or conclusive benefits.
The FDA advises that the outcomes of group comparisons
not be shared with those involved in the study to prevent
changes to behavior that may compromise trial integrity.
However, these recommendations are predominantly aimed
at pharmaceutical and medical device studies, particularly
those involving severe risks such as mortality. Lakens (2014)
notes that such division between researchers and analysts is
rare in psychological science. Assembling full-fledged data
monitoring committees may be excessive for most typical
psychological experiments, but involving an independent
analyst is often viable.

In psychological studies, research personnel could be
split such that an ethically responsible team member is
given explicit and predefined plans of how to perform in-
terim analyses, as well as the capability to make judgment
calls on ethical grounds if unexpected but concerning
events occur. This interim analyst would not interact with
any participants, and take precautions in communications
with other study personnel to inform them only of the de-
cision to continue or not, with more details revealed if dis-
continuation is the outcome. When such ethical concerns
are not an issue, it becomes more feasible to involve interim
analysts without domain expertise and who can be more
independent of the main study personnel. This may be
achieved through ‘recruitment’ of potential analysts in
one’s network, or also be an opportunity for ‘crowdsourcing’
the scientific endeavor (Uhlmann et al., 2019). The Open
Science Framework platform StudySwap (Chartier et al.,
2018) enables researchers to connect and share resources.
One unanticipated but approved use case for StudySwap is
to request the help of independent analysts who may per-
form interim analyses on one’s behalf.”

1 A clinician would likely recognize instances of individual patients in their care experiencing concerning symptoms, but in many cases, as-
sessments are performed by the person who did not administer the treatment, or using online data collection for longer-term outcomes.

Worrisome effects might therefore be missed by a clinician.

2 We thank Daniel Lakens for bringing our attention to StudySwap in an earlier review of this paper
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Researchers must also be aware that even with ostensibly
blinded sequential analyses, failure to think critically about
psychological aspects of the experimental process can more
easily result in leakage of ‘implied’ information about study
effects. Based on initial power analyses, study personnel
may realize that the mere fact of continuing data collection
beyond a certain sample size implies that initial effect size
predictions were likely overestimated. Where data collec-
tion is time consuming and difficult, this may be com-
pounded by frustration and the dim prospect of continuing
with many more participants for relatively little anticipated
gain. Intuitively, effects of continuing data collection with-
out statistical information about the effect would have less
effect on the experimenter’s beliefs than literally seeing ev-
idence accumulating against their hypothesis, but would
tend to rise with increasingly drawn-out periods of data col-
lection. Hence, beyond planning for compelling statistical
evidence (Schonbrodt & Wagenmakers, 2018), researchers
should balance the chances of ending the experiment at a
decision boundary (e.g., a critical p value or Bayes Factor)
with the potential that continuing data collection beyond a
certain point may change the experimenters’ confidence in
the expected effect, and thereby influence the data-gener-
ating process. Whatever the choice of minimum and max-
imum sample size, it would be wise to recognize the min-
imum as only a best-case scenario: the maximum must be
entertained as genuinely possible, and planning a series of
experiments on the assumption that each will end at the
first opportunity is likely to prove frustrating. While this
may seem obvious, it is worth emphasizing — as researchers
we are not immune to the sense that luck will be on our
side, going through the procedures of a power analysis and
highly ambitious sample size that we actually hope and ex-
pect to never have to reach.

To facilitate insulated sequential analyses with the aid of
independent analysts — either via StudySwap, through one’s
network, or by splitting study personnel — we have devel-
oped an evolving resource for researchers: the Sequential
Testing Hub (www.sequentialtesting.com). This resource
includes a template for information about interim analyses
that an independent analyst would need, a section covering
some more extensive practical considerations regarding the
use of sequential testing, a bibliography of related resources
(e.g., for sequential testing power analyses, blinded au-
tomation of sequential testing), links to useful software and
tutorials, and space for suggestions to expand the coverage
of the resource. We encourage researchers with tools and
tutorials to contact us so that we can link to these resources,
making the process of planning and performing rigorous se-
quential testing easier. While domain experts may be well
aware of the tools and resources we highlight, from our own

experience designing sequential analyses, we believe that
such an evolving resource will prove useful for those with-
out such an in-depth background who wish to utilize se-
quential analytic approaches, whether insulated or not.

Acknowledging Limitations and the Unknown

Although existing research gives strong reason to believe
that experimenter beliefs can influence study outcomes in
a variety of ways, we are not aware of studies that have
examined the interplay between interim analyses and ex-
perimenter beliefs. In addition, previous research suggests
that the impact of expectations can vary across settings,
protocols, and outcomes (see Rosenthal & Rubin, 1978 for
an early meta-analysis). Some of the most consistent and
well-researched expectancy effects are of the manipulated
expectations of teachers for student performance in their
classes (Rosenthal, 2002b). The extended duration of
teacher-student interaction and large scope for interper-
sonal influence might most closely parallel the possible in-
fluence of a therapist over their patient, leading one to
expect that therapeutic trials are the cases in which ex-
pectancy effects are most probable. Yet, studies also suggest
that subtle changes in non-verbal communication in simple
experimental studies can have surprising effects (Rosen-
thal, 2002a). As we noted above, even a possible within-
person manipulation in a typical psychological experiment
could be affected if researchers develop an attitude that un-
dermines a participants’ level of engagement with the ex-
perimental task. In addition, we do not yet know the extent
to which researchers change their beliefs with incoming
data - the reader can likely think of cases in which they feel
a certain idea has been disproven long ago and yet is re-
tained with great conviction by a disconcerting number of
their peers!

Hence, the magnitude of the potential problems we raise
is currently unknown.’ It is possible to imagine some ways
in which one might seek to investigate such effects. One
option would be to manipulate researchers’ expectations or
the data they see as results come in. A key consideration
here would be what outcome one cares about: one could
measure researcher behavior with stooge ‘participants’ who
are blind to the condition, and who make judgments of how
the researcher behaved with them. In this case, we would
be looking at tangible researcher behaviors and the feelings
researchers elicit in participants, which might be affected
by interim checks. We would need to make assumptions
about how this could affect the data collected. If we really
wanted to know how such manipulations affect processes
under investigation, we would need each manipulated re-
searcher to continue collecting full batches of data that are
sufficiently powered to detect an effect, and differences in

3 Some anecdotal considerations might be relevant. Firstly, every colleague we have spoken to who has performed interim analyses as part
of a research project they care about appears to have shown at least some of the psychological effects we highlighted to some degree,
from becoming disillusioned or suddenly invigorated regarding the observed effect, demotivated by the unexpected continuation of data
collection, or even wishing to abandon the research altogether after seeing that results do not seem to be coming out as expected at early
stages but requiring prolongation of the project. Supervisors of PhD candidates have also mentioned seeing these effects in their super-
visees. When researchers hope to find particular results — which applies to most researchers — it is almost inevitable that they will be im-

pacted by seeing these hopes realized or dashed.
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that effect, across researchers and the conditions they are
in. To get any reasonable number of ‘researcher’ partici-
pants, we would need a huge number of ‘participant’ par-
ticipants for each researcher to experiment upon. For this
to be of real value, we would also want to understand what
types of effects are likely to be affected, and our impres-
sion is that one could not cover all or even most bases even
in multicenter experiments, as interesting as this might be.
Another approach would be to use existing data in which in-
terim analyses have been performed. This may be more fea-
sible, but variation across studies in all sorts of other impor-
tant factors is likely as great as variation among the ways in
which interim analyses were performed (the level of insula-
tion). Moreover, in our experience, studies report relatively
little information regarding how interim analyses were per-
formed. To make such research more feasible in the future,
we would encourage researchers to go into greater detail
about what methods, if any, were employed to try to insu-
late analyses from such effects.

Given that we do not know the magnitude of such effects,
is it right that researchers should feel burdened to take pre-
cautions against them? We would stress that we do not wish
to impose any unfair or unrealistic burdens on researchers,
and it may be argued that taking such precautions could
be disproportionately difficult for small research teams or
those without a large network. However, readers should also
not overestimate the burden of such procedures. In many
cases, basic insulated analyses are feasible with the help of
just one colleague and, at the risk of sounding facetious,
when clear instructions are provided and ethical concerns
are not an issue, it might even be possible to recruit analysts
on freelance recruitment sites to perform simple checks on
anonymized data (remember that one will not be relying on
this analyst to perform all of one’s final published analyses).
In a recent example conducted in our lab, the only change
that needed to be made to typical protocols was that the
person supervising data collection did not discuss any in-
terim results with the person collecting the data until the
stopping point was reached. Truly difficult insulated analy-
ses are more likely in such cases as clinical/psychother-
apy trials where there is need for ethical oversight. Such
trials are usually already conducted by relatively large re-
search teams, and in this sense the difficulty and impor-
tance of insulated analyses might even scale with the size
of the research team and resources available. Finally, con-
sider that in many experiments, we do not know the impact
that commonplace precautions such as blinding really have,
or what would happen without blinding. We nevertheless
rightly take quite strenuous precautions because we wish to
be able to confidently rule out certain possible confounding
influences.

Evidently, there is much that remains unknown in this
area. In our opinion, this is more an argument for raising
awareness of these possible issues than for ignoring them,
as others may be encouraged to explore them. We follow
Shadish, Cook, and Campbell (2002) in emphasizing that
threats to the validity of an experiment can be both em-
pirical and conceptual. The possibility that sequential test-
ing procedures may result in changes in researcher behavior
is at least conceptually plausible and should thus be taken
seriously and protected against as far as possible. Having

said this, we also recognize that what is deemed possible
is going to vary considerably among researchers given dif-
ferent practicalities and assessments of the level of threat
such issues pose in their specific experiment. Boot and col-
leagues (2013) similarly recognized that careful control and
assessment of expectancy effects in control/placebo condi-
tions was not easily achieved. The solutions we and others
suggest do not always cover all possibilities and can impose
a burden on researchers. We do not suggest that non-insu-
lated sequential analyses are invalid, but we do think people
should be more aware of the risks. More all-encompassing
and easily-applied solutions cannot be expected without
broader recognition of the possible problem.

Conclusion

To summarize, our recommendation is to take practically
and ethically feasible measures to insulate the research
team from information that may influence their attitudes
and behavior during the collection of data (see Figure 1).
We suggest that researchers report any steps taken to pre-
vent the leakage of information in their study design. When
such steps have not or cannot be taken, this of course is not
damning, but variables in the dataset indicating at which
stage of interim analysis each data point is from should
make it easier for meta-researchers to investigate possible
influences of interim analyses. We have highlighted how
unfettered use of sequential testing may be ill-advised.
However, by leveraging the power of automation, crowd-
sourcing, or other means of involving independent analysts,
researchers may be able to perform highly efficient, proce-
durally rigorous, insulated sequential testing. We also aim
to facilitate performance of sequential analyses with an
evolving ‘hub’ highlighting useful tools, approaches, and
articles pertinent to the design of sequential analysis — the
Sequential Testing Hub — and encourage readers to suggest
valuable and useful resources. More broadly, we hope to
have emphasized that not all problems arising from the use
and misuse of statistics are solely or inherently statistical —
a fact that applies beyond sequential testing. It would cer-
tainly be a shame if, confident in the power of new statisti-
cal and experimental approaches, psychological researchers
forget to think like psychologists about the experiments
they design.
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Figure 1. Decision tree for circumstances under which insulated sequential testing might be pursued.
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