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There is a sizable literature on inhibition-induced devaluation (IID), in which withholding a behavioral
response in the context of a specific stimulus reduces the value of that stimulus and reduces the likelihood of
choosing or using that stimulus in the future. IID holds great promise for behavior change and improving
public health, because a variety of public health problems, including unhealthy eating and substance abuse,
involve the inability to control the use of something of inherent, perceived, or associated value. Wessel et al.
(2014) showed that when arbitrary stimuli were associated with response inhibition, subjects valued those
stimuli less, suggesting that IID may be possible across a variety of stimuli. In three preregistered direct
replications across three universities, including a U.S. private university, a U.S. public university, and a
public university in Israel, we show no evidence for IID. This brings into question the robustness of IID as
implemented by Wessel et al. using arbitrary stimuli and the stop-signal paradigm. This work encourages
future efforts to directly replicate previous findings of IID in related designs, including those using stimuli
with inherent value like food.

Public Significance Statement

A primary determinant of public health is individual decisions like whether to eat unhealthy foods or
whether to use and abuse drugs and alcohol. Given this, there is a pressing need for robust interventions
that can influence or change decisions and actions. One such promising intervention, inhibition-induced
devaluation (IID), involves a computer-based procedure in which subjects repeatedly make fast
keyboard responses to certain visual stimuli (e.g., healthy foods) but inhibit their responses to others
(e.g., unhealthy foods). Previous research has shown that after undergoing this intervention, subjects
chose and valued the inhibited stimuli less. In three samples across three universities and two countries,
we found no evidence for IID, bringing into question the robustness and efficacy of this intervention. Our
work attempted to replicate one specific procedure for IID (Wessel et al., 2014), so we encourage future
replication efforts that evaluate the efficacy of other IID procedures.

Keywords: response inhibition, replication, value, behavior change, stop-signal paradigm
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Unhealthy behaviors, such as smoking, drug and alcohol abuse,
overeating, and a sedentary lifestyle, account for a substantial pro-
portion of the risk associated with preventable premature deaths in the
United States (Nielsen et al., 2018). This has led to a pressing need for
interventions that result in healthy behavior changes. One promising
intervention is inhibition-induced devaluation (IID), in which with-
holding a behavioral response in the context of a specific stimulus
reduces the value of that stimulus and even results in an individual
being less willing to choose or use that stimulus in the future. IID holds
great promise for improving public health, because a variety of public
health problems can be distilled to the inability to control the use of
something of inherent or perceived value. The promise of IID is that
in devaluing a stimulus (e.g., a palatable but unhealthy food) by
associating it with inhibition, an individual will be able to more
effectively control their urge to use the valuable but harmful substance,
facilitating better choices.

Inhibition is a fundamental mechanism of control that facilitates
goal-directed behavior (Logan, 1985). In order to navigate a dynamic
world, actions and goals must have the flexibility to stop and change.
In such instances, response inhibition is engaged (Bissett & Logan,
2011, 2013; Camalier et al., 2007; Logan & Cowan, 1984). Two
main paradigms used to capture response inhibition are the go/no-go
task (Donders, 1868/1969) and the stop-signal task (Logan &
Cowan, 1984). Both tasks involve the presentation of a series of
stimuli, with one or more stimuli indicating the need to respond and a
different set of stimuli indicating the need to withhold a response.
The go/mo-go task involves presenting only one stimulus on any
given trial, and subjects make a response (i.e., go) if that stimulus
has a certain identity but do not make a response (i.e., no-go) if
that stimulus has a different identity. In contrast, the stop-signal
task involves making a choice response to a “go” stimulus that is
presented on every trial, except for the subset of trials in which a
second, subsequent “stop signal” is presented.

There may be fundamental differences between the processes
involved in the stop-signal task and the go/no-go task. Computational
modeling work has shown that go/no-go data can be well described in
terms of a two-choice diffusion process without a separate inhibition
component (Gomez et al., 2007). Convergent empirical work has
questioned whether go/no-go tasks require response inhibition, par-
ticularly when go and stop stimuli have similar trial probabilities and
when trials have longer durations (Wessel, 2018). Other work has
argued that both tasks involve inhibition but different kinds:

BISSETT ET AL.

cancellation in the stop-signal task and restraint in the go/no-go task
(Schachar et al., 2007). Recent work leveraging encephalography and
electromyography (Raud et al., 2020) argues that go/no-go and stop-
signal tasks recruit different neural mechanisms, with go/no-go
mechanisms more akin to response selection than response inhi-
bition, in line with Gomez et al. (2007). Therefore, existing work
suggests that the go/no-go task may not involve inhibition or may
involve a different kind of inhibition.

Both the stop-signal and the go/no-go task have been used to
implement IID. In the canonical implementation, certain stimuli are
often or always presented in the context of withholding a motor
response, and other stimuli are never presented in the context of
withholding a motor response. In a subsequent phase of the study,
subjects are either asked to do some form of value judgment on each
class of stimuli, given the opportunity to consume the two classes of
stimuli (e.g., if the classes are food), or both.

The existing IID literature suggests that, in general, stimuli that
were associated with withholding a motor response are valued less
and chosen less than stimuli not associated with withholding a
motor response. Associating specific food stimuli with no-going
(Veling et al., 2013) or stopping (Lawrence et al., 2015) reduces
subsequent consumption of the trained food stimuli. Similarly,
associating specific alcohol stimuli with no-going (Houben et al.,
2011) or stopping (Jones & Field, 2013) reduces subsequent con-
sumption of the trained alcohol stimuli. Meta-analyses of food and
alcohol stimuli (Jones et al., 2016) and food stimuli alone (Yang et
al., 2019) provide evidence for IID. A multiexperiment preregistered
study (Chen et al., 2016) suggests that IID is more effective when
inhibition trials are rare. More generally, preregistered and well-
powered work suggests that IID using stimuli with inherent value is
robust (Chen et al., 2016, 2018; Quandt et al., 2019). However, other
work urges some caution on the efficacy of IID for behavior change
(Schonberg et al., 2014; Smith et al., 2017).

Additionally, some recent work suggests that devaluation and
behavior change may be particularly potent when using a go/no-go
instead of a stop-signal task (Allom et al., 2016; Chen et al., 2019;
Jones et al., 2016; Yang et al., 2019). This may be because the
go/no-go task tends to involve a more consistent mapping between
no-go stimuli and withholding a response (i.e., stop success rates
tend to be much higher in the canonical implementations of the
go/no-go task compared to the stop-signal task), and the effect may
be driven by developing a consistent association between specific
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stimuli and withholding a response, not between specific stimuli and
attempting to withhold a response.

Perhaps most excitingly, work by Wessel et al. (2014) showed
that if arbitrary stimuli (colored shapes) are associated with specific
monetary values, then a subset of these arbitrary stimuli are asso-
ciated with stop-signal inhibition, subjects selectively devalue them.
This study is exciting because it suggests that IID may not only
apply to stimuli with an a priori value (e.g., palatable foods) but may
be an effective strategy to experimentally devalue any type of
stimuli. When a stimulus is associated with inhibition, it appears to
become subjectively less valuable and therefore less likely to be
used and (possibly) abused. Additionally, the authors used a stop-
signal task and did not have a consistent mapping between stop
stimuli and withholding a response, suggesting that IID may be
robust to nonconsistent mappings between stimuli and withholding
aresponse. Wessel et al. (2015) replicated this finding in subsequent
work and showed that IID was particularly large in individuals who
had explicit knowledge of the learned monetary values of the
stimuli.

Shortly after this work by Wessel et al. (2014, 2015), our group
aimed to replicate and extend this work. In two direct replications of
Wessel et al.’s (2014) Experiment 2, we were unable to find evidence
of IID. However, these direct replications had relatively small sample
sizes and were acquired from only one population of conveniently
sampled subjects in the Stanford University area (see Supplement for
Direct Replications 1 and 2). We also completed a series of seven
conceptual replications that are detailed here (https://ost.io/bt5f3/file
s/osfstorage) that were unable to find evidence of IID. In order to
more robustly evaluate I1ID, we submitted a registered replication to
directly replicate the IID effect with three large, highly powered
samples from three different university settings: Stanford University,
University of North Carolina at Chapel Hill (UNC), and Tel Aviv
University. All samples showed strikingly consistent results: There
was no evidence for IID. Equivalence testing suggested that stop and
no-stop stimuli had equivalent values, and Bayes factor (BF) analyses
showed considerable evidence in favor of the null hypothesis of no
IID. We discuss the implications of this null finding for IID of
arbitrary stimuli and stimuli with inherent value. All data and code are
openly available on the Open Science Framework (https://doi.org/10.
5281/zenodo.15548949).

Method
Transparency and Openness

We report how we determined our sample size, all data exclusions,
all manipulation, and all measures in this article or in the pre-
registered replication article at https://osf.io/bt5f3/files/osfstorage.
All data, analysis code, and research materials are available at https://
doi.org/10.5281/zenodo.15548949. Hypotheses and analyses were
preregistered at https://osf.io/bt5t3/files/osfstorage, and all proce-
dures followed what was specified in the preregistered replication
article unless otherwise specified.

Subjects

Subjects were recruited from three locations: Stanford University,
Tel Aviv University, and UNC.
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Stanford University Replication (N = 156)

One hundred fifty-six subjects (96 female, 56 male, four declined
to state) were recruited from the Stanford Psychology Department
Sona Paid subject pool for a single 90-min testing session. One subject
was removed due to technical difficulties during the experiment.
Subjects were paid $12 + the reward from five randomly selected trials
from Phase 1 (see the Experimental Task section for an explanation of
the phases), ranging from $1 to $13. In order to facilitate recruitment
and to align with more up-to-date standards at Stanford for subject
payment, after 89 subjects completed the experiment, the payment
range was altered. Subjects after this point were paid a base rate of
$20 and received a reward ranging from $1 to $13. The M,,. was
25.7 (£7.9) years. Ninety-seven of the 156 subjects were Stanford
University students. Subjects were excluded if they took part in any of
our previous IID studies. This work was approved by the Stanford
Institutional Review Board.

Tel Aviv University Replication (N = 151)

One hundred fifty-one subjects (110 female, 40 male, one declined
to state) were recruited from the Tel Aviv Sona Paid subject pool,
Facebook groups, and ads around campus for a single 90-min testing
session. One subject was removed for leaving early due to difficulty
concentrating. Payment was translated to new Israeli Shekels (NIS)
but aimed to be similar to the U.S. sites and Wessel et al.’s (2014)
Experiment 2. Specifically, subjects were paid 40 NIS (approximately
$11) + the reward from five randomly selected trials from Phase 1,
ranging from 5 to 41 NIS (approximately between $1 and $11). The
NIS-to-dollar exchange rate varied over time, with the total com-
pensation being as high as the equivalent of approximately $25. The
Mo was 27.7 (£6.3) years. Eighty-eight of the 151 subjects were Tel
Aviv University students. This research was approved by the Tel Aviv
University ethics committee.

UNC Replication (N = 163)

One hundred sixty-three subjects (113 female, 43 male, six non-
binary, one declined to state) were recruited from Research for Me and
flyers placed around campus. Two subjects were removed for failing
to complete the study. Subjects were paid a base rate of $12 + the
reward from five randomly selected trials from Phase 1, ranging
from $1.67 to $16.51. The M,,,. was 25.2 (+8) years. No data were
recorded on how many subjects were students at UNC. This work
was approved by the UNC Institutional Review Board.

Power Analysis and Exclusion Criteria

In an a priori power analysis, we assumed a small effect size
(Cohen’s d = .2) and power of .95 for the main effect comparing the
auction value of stop and no-stop stimuli (see code at https://github.
com/bissettp/PowerAnalysislID), which indicated a minimum of
N =79 subjects. This main effect was the primary evidence for IID
in Wessel et al. (2014) with a significantly lower auction value for
stimuli associated with stopping interpreted as evidence for IID. Thus,
we aimed to acquire 79 subjects who satisfied the following exclusion
criteria, following Wessel et al., from each of our three independent
sites (see https://osf.io/x38aj/ for exclusion scripts): (a) stop-failure
reaction times (RTs) > no-stop-signal RT, (b) any reportable explicit
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knowledge in Phase 2, (c) stop-signal reaction time (SSRT) < 100 ms,
(d) the absolute value of the main effect of stopping devaluation
>1.5 X the interquartile range (IQR). However, as specified in our
preregistration, instead of calculating mean SSRT as in Wessel et al.,
we calculated integration SSRT with replacement, as suggested by a
recent consensus guide for the stop-signal task (Verbruggen et al.,
2019). Additionally, when computing SSRT, we used the RTs to stop
shapes as the underlying go distribution on stop trials. We found that
RTs tended to be slower in response to stop than no-stop shapes, so
no-stop-signal RTs on only stop shapes should act as a better, more
specific estimate of the underlying go distribution on stop trials.

Experimental Task

All three sites followed the same procedure, except materials
were provided in Hebrew at Tel Aviv University where appropriate.
The experiment was run with the Psychophysics Toolbox in Matlab.
In order to eliminate any coding discrepancies, all three sites
used the following code provided by Jan Wessel that was used for
Experiment 2 of the original Wessel et al.’s (2014) sample: https://
github.com/janwessel/stopdeval. Tones were presented through
headphones at Stanford and using computer speakers in a testing
room at Tel Aviv and UNC. The experimental task is summarized
below, paraphrasing the task description in Wessel et al.

Learning Phase (Phase 1)

In this phase, participants learned to associate eight geometric shapes
with four distinct monetary values. The shapes included a square,
circle, diamond, triangle, inverted triangle, cross, hexagon, and “I”
shape, each colored differently (white, green, blue, yellow, cyan,
magenta, orange, or gray) to enhance implicit value associations. Two
shapes each were tied to mean values of $0.50, $1.00, $2.00, or $4.00
for U.S. participants and 1.625 NIS, 3.25 NIS, 6.5 NIS, or 13 NIS for
the Tel Aviv sample. The distributions had a uniform dispersion of
+25c¢ or 81.25 agorot (100 agorot = 1 NIS) around the means. Shapes
were randomly assigned colors and values for each participant.

Each trial began with a fixation cross for 500 ms, followed by one
shape appearing in one of four screen quadrants. Participants had
1,000 ms to respond based on the quadrant the stimulus appeared
in, or a “too slow” message would display for 1,000 ms. Upon
responding, a black square displayed the message “You won $X.XX”
for 1,000 ms. Participants were informed that quick and accurate
responses would yield higher rewards and that the total payout would
come from five randomly selected trials at the end. Trials without
responses (misses) or incorrect responses (errors) were repeated until
the subject responded correctly. Importantly, the monetary rewards
were predetermined and not based on performance, with each shape
assigned to one of four fixed payout distributions. Only 80% of trials
for each shape had rewards according to these distributions, while the
remaining 20% had no reward. Each shape appeared with equal
probability in all quadrants, and participants completed 50 trials per
shape (400 trials total) across four blocks.

Treatment Phase (Phase 2)

In this phase, some shapes from the learning phase were asso-
ciated with stopping, and others were not. Participants made quick
responses based on shape placement (left or right) and had to stop
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their response upon hearing a stop signal. Four shapes (one per
value-step, i.e., one shape each associated with a mean value of $0.5,
$1, $2, or $4 or 1.625 NIS, 3.25 NIS, 6.5 NIS, or 13 NIS) were
always paired with go trials (i.e., no-stop signal). The other four
were paired with stop signals on 76.4% of trials to avoid making the
association between shape and stopping overly predictable and to
discourage participants from consciously withholding responses
upon seeing shapes associated with stopping.

Each trial displayed the shapes on either side of a vertical line
for 500 ms, and participants responded within 1,000 ms using two
designated keyboard buttons. Stop signals (200 ms sine-wave tones
at 900 Hz) occurred shortly after stimulus onset, prompting parti-
cipants to cancel their responses. The stop-signal delay was adjusted
based on performance to aim for a success rate of 50% (Levitt, 1971).
The initial stop-signal delay value was 250 ms and was computed
separately for left and right responses depending on ongoing per-
formance (+50 ms following successful stop trials, —50 ms following
failed stop trials). Participants completed 34 trials per shape (272
overall) in four blocks and received feedback on their reaction times
and error rates during breaks. Additionally, the experimenter would
check the blockwise feedback to ensure that RTs were between 400
and 650 ms, the probability of responding given a stop signal was
close to .5 (.4—.6), and stop-signal delay was >100 ms. If subjects
diverged from these ranges, usually by slowing their responses, they
were encouraged at the breaks to adjust their behavior accordingly.

Valuation Phase (Phase 3)

In this phase, participants bid on the shapes seen in the previous
phases using an auction procedure to assess their subjective values.
Participants chose from six different cent or agorot amounts using
specific buttons on the keyboard. They were advised to bid opti-
mally, as both overbidding and underbidding were discouraged.

Each trial began with a fixation cross for 500 ms, followed by the
shape being displayed for 1,500 ms. Participants then had 5,000 ms to
select a bid amount from six options. Each shape was shown 10 times,
resulting in 80 total trials. The bid amounts were drawn from various
predetermined sets to encourage diverse bidding behavior. These bid
sets were selected to encompass the full range of true values associated
with each shape from the learning phase, which included amounts of
40, 80, 160, and 320 cents or 130, 260, 520, and 1,040 agorot,
respectively. These values were 80% of the mean values associated
with each shape to account for 20% of trials for each shape having
reward values of 0. These bids came from five different sets of values,
in cents, as specified by Wessel et al. (2014): [34, 68, 102, 136, 170,
2041, 139,78, 117, 156, 195, 234], [44, 88, 132, 176, 220, 264], [49, 98,
147, 196, 245, 294], and [54, 108, 162, 216, 270, 324]. In the Tel Aviv
sample, the bids came from these sets of values, in agorot: [135, 270,
405, 540, 675, 8101, [154, 308, 462, 616, 770, 924], [116, 232, 348,
464, 580, 696], [173, 346, 519, 692, 865, 1,038], and [192, 384, 576,
768,960, 1,152]. Each of these sets was displayed twice for each shape,
in random order. This approach ensured that participants saw the
complete range of values for each shape, presented in random order
within four blocks.

Procedure

Participants were instructed briefly on the learning phase and
treatment phase and then practiced 10 trials each of both phases. Next,
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they completed both testing phases. Following this, the experimenter
gave participants a sheet with the auction instructions and ensured that
participants understood the instructions before participants completed
the auction phase. Subjects were then asked six debriefing questions to
determine their explicit knowledge in the learning phase and treatment
phase. In consultation with Jan Wessel, we deviated from Wessel et
al.’s (2014) procedure by using the updated debriefing questions in the
README file of the code in Jan Wessel’s GitHub specified above
(https://github.com/janwessel/stopdeval). The questions were as fol-
lows: (a) Did you notice anything in the RT experiment? (b) Did you
think you were better for some symbols than for others? (c) Some
symbols were worth more than others. Could you try to name any
symbols you thought had particularly high or low values? (d) Did you
notice anything in the stop-signal experiment? (e) Did you think some
symbols were paired with stopping more often than others? (f) Some
symbols were paired with stopping more often. Could you try to
name them?

Subjects were then compensated for their participation as
described in the Subjects section.

Exclusions From Each Site

In Phase 2, subjects were excluded for having their SSRT < 100
ms and/or having their stop-fail RT > no-stop RT. Subjects were
also categorized into three categories: full explicit learners, partial
explicit learners, and implicit learners. These descriptions are quoted
below from Wessel et al. (2014).

1. Full explicit learners: This designation was given if
participants spontaneously verbalized one of the regularities
in response to the “open” questions of whether they noticed
something about the first or second phase of the experiment
(Questions 2 and 5) and displayed significant accurate
knowledge about the regularity (Questions 3 and 6). They
needed to accurately name the relative values of more than
half of the stimuli to be labeled as an explicit learner of the
learning regularity (Phase 1). They needed to accurately
name all four shapes that were either paired with stopping
or never paired with stopping to be labeled as an explicit
learner of the stopping regularity (Phase 2).

2. Partial explicit learner: This designation was given if a
participant reported a “feeling of knowing” of one of the
regularities in response to the “open” questions about the
learning and stopping phases (Questions 2 and 5, respectively)
and could accurately name at least one shape for which the
regularity was true (Questions 3 and 6, respectively). For
example, in Phase 1, they could state, “The green square was
always paired with high reward” or “The diamond was always
paired with low rewards.” With regard to Phase 2, they could
state, for example, “The blue circle was often paired with
stopping” or “The triangle was never paired with stopping.”

3. Implicit learner: These participants reported not noticing
any regularities in response to any of the questions in the
debriefing questionnaire (Wessel et al., 2014, p. 8).

Subjects were excluded if they had full explicit knowledge or
partial explicit knowledge of the stopping contingency (Phase 2)
in order to exclude participants who realized the purpose of the
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experiment in the treatment phase. Phase 1 explicit knowledge was
not an exclusion criterion, but see the Supplemental Material for
analyses that isolate Phase 1 explicit learners.

In Phase 3, subjects were excluded for having their IID effect >
1.5 X IQR (i.e., IID effect >75th percentile of IID effects +1.5 X the
IQR of the IID effect or IID effect <25% percentile of IID effects
—1.5 X the IQR of the IID effect).

Stanford Exclusion

According to the exclusion criteria highlighted above, we
excluded a total of 76 subjects from the Stanford sample, leaving a
usable sample of 80 subjects. One subject was excluded for failing to
complete the experiment due to technical difficulties. Nine subjects
failed both behavioral criteria in Phase 2 and Phase 2 explicit
knowledge criteria. Fifteen subjects were excluded for failing only
behavioral criteria in Phase 2. Forty-four subjects were excluded
for having only Phase 2 explicit knowledge. Seven subjects were
excluded for having their IID effect > 1.5 X the IQR. Thus, a total of
76 subjects failed exclusion criteria.

Out of the subjects who failed Phase 2 behavioral criteria,
20 subjects were excluded for SSRT < 100 ms, three subjects had
stop-fail RT > no-stop RT, and one subject failed both criteria. Out
of the subjects who failed explicit knowledge criteria, 44 subjects
had partial explicit knowledge, and nine subjects had full explicit
knowledge.

Tel Aviv Exclusion

Sixty-seven subjects were excluded from the Tel Aviv sample,
leaving a total of 84 usable subjects. Fifteen subjects failed both
behavioral criteria in Phase 2 and explicit knowledge criteria in
Phase 2. Seven subjects were excluded for only failing behavioral
criteria in Phase 2, and 40 subjects were excluded for only having
Phase 2 explicit knowledge. Five subjects were excluded for having
their IID effect > 1.5 X the IQR, leading to a total of 67 excluded
subjects.

Of the subjects excluded for failing behavior, 11 subjects had
SSRT < 100 ms, six subjects had stop-fail RT > no-stop RT, and
five subjects failed both criteria. Of the subjects excluded for having
Phase 2 explicit knowledge, 41 had partial explicit knowledge, and
14 had full explicit knowledge.

UNC Exclusion

Seventy-six subjects were excluded from the UNC sample,
leaving a total of 87 usable subjects. Two subjects were removed
for failing to complete the study. Nine subjects failed both the
behavior and Phase 2 explicit knowledge criteria. Four subjects
failed only the behavioral criteria in Phase 2, and 54 subjects had
only Phase 2 explicit knowledge. Seven subjects were excluded for
having their IID effect > 1.5 X the interquartile range, leading to
a total of 76 excluded subjects.

Of the subjects who failed behavioral criteria, 12 subjects had
their SSRT < 100 ms, and one subject had SSRT < 100 ms and stop-
fail RT > no-stop RT. Of the Phase 2 exclusions, 47 subjects had
partial explicit knowledge, and 16 had full explicit knowledge.
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Analytical Choices
Equivalence Tests

Equivalence tests were computed using the two one-sided #-test
procedure (Lakens et al., 2018) in Python. In line with one of the
suggested procedures from Lakens et al. (2018), we decided to use
the smallest observed effect size that was statistically significant in a
previous study as the equivalence margin. The smallest effect size
that was statistically significant in Experiment 2 of Wessel et al.
(2014) was 0.24. Thus, we used 0.24 as our equivalence margin for
evaluating the difference between auction values of stop and no-stop
shapes.

BF

The statistical software JASP (JASP Team, 2024) was used to
compute BF. A Bayesian paired-samples ¢ test was conducted,
selecting BF); as the BF type and the alternative hypothesis as no-
stop shape auction values # stop shape auction values.

Results

All analyses were specified in a preregistered, registered repli-
cation article unless otherwise noted.

Treatment Phase (Phase 2) Results

The stopping (Phase 2) results are detailed and included in Table 1.
In all three locations, stop-failure RT was significantly faster than
go RT to all shapes, go RT to shapes associated with stopping, and
go RT to shapes not associated with stopping (all ps < .001). The
probability of responding given a signal was .47 for all three lo-
cations, and the SSRT was between 191 and 219 ms.

Valuation Phase (Phase 3) Results

Separately for each of the Stanford, Tel Aviv, and UNC samples,
we ran a 2 (stopping: stop vs. no-stop shapes) X 4 (value: 0.5 dollars
or 1.625 NIS, 1 dollar or 3.25 NIS, 2 dollars or 6.5 NIS, and 4 dollars
or 13 NIS) repeated measures analysis of variance that was modeled
after the analysis presented in Figure 1. In each sample, there was a
significant main effect of value (all ps < .005) and no significant
interaction (all ps > .128). Critically, there was no main effect of
stopping (all ps > .49; see Table 2 and Figure 1). There were a
similar number of subjects who assigned lower or equal values to
stop than no-stop stimuli in all three samples. The significant main
effect of value but no main effect of stopping was also verified in
control analyses in which we (a) included all subjects (i.e., did not

BISSETT ET AL.

exclude for behavior or Phase 2 explicit knowledge) and (b) included
only the subset of subjects who had Phase 1 explicit knowledge. Both
control analyses were run for each site separately and combined
across sites (see the Supplemental Material). Similar results were also
found in two smaller direct replications that preceded these three new
samples (see the Supplemental Material). BF results showed substantial
evidence in favor of the null hypothesis (all BF,; > 6.6). Additionally,
equivalence tests run on the stopping condition showed that the two
stopping groups were statistically equivalent (all ps < .001).

The results of the repeated measures analysis of variances from
Stanford (left panel), Tel Aviv (middle panel), and UNC (right panel)
are presented in Figure 1. We summarize the net devaluation results in
Figure 2.

Discussion

IID is a promising behavior change technique that hypothesizes
that the value of a stimulus is decreased when it is associated with
inhibition. We completed five direct replications of Wessel et al.’s
(2014) IID experiment, three of which were preregistered and
acquired across three different subject populations, and found no
evidence for IID. Stimuli associated with inhibition did not have a
lower value, and both equivalence testing and Bayesian analyses
showed evidence that stimuli associated with inhibition did not
differ in their value from those not associated with inhibition. This
result was found in every sample we collected (at Stanford, UNC,
and Tel Aviv) and in the combined sample across all three sites
and was robust to the use of different exclusion criteria. These
results provide strong evidence against the presence of an IID effect
using Wessel et al.’s procedure.

Why Did We Fail to Replicate Wessel et al.’s (2014)
IID Effect?

Wessel et al. (2014) showed an IID effect in two experiments
using the stop-signal task and then replicated this devaluation effect
in a subsequent sample (Wessel et al., 2015). However, we found
strong evidence against the IID effect in five replication attempts
across samples at Stanford, UNC, and Tel Aviv. This discrepancy is
surprising, and we offer the following considerations for this dis-
crepancy. One possibility that was suggested by a reviewer after
Direct Replications 1 and 2 is that the subjects at Stanford University
were idiosyncratic, in part because of the high rate of Phase 2
explicit knowledge. In Direct Replications 1 and 2, 38.7% of
subjects had some explicit knowledge of the Phase 2 contingency,
compared to 22.2% in Wessel et al.’s Experiment 2. However, in our
new, three-site replication, we also observed higher rates of Phase 2
explicit knowledge (34.2% at Stanford, 36.6% at Tel Aviv, and

Table 1

Stopping Results From Stanford, Tel Aviv, and UNC

Location Go RT (ms) Go RT stop shape (ms) Go RT nonstop shape (ms) Stop-failure RT (ms) p(resplsignal) SSRT (ms)
Stanford 576 (110) 590 (120) 572 (108) 469 (97) 47(0.05) 191 (54)
Tel Aviv 619 (123) 632 (134) 616 (123) 506 (107) .47(0.04) 219 (59)
UNC 583 (85) 600 (98) 579 (85) 478 (83) A47(0.04) 204 (64)
Note. The mean value is followed by the standard deviation in parentheses. UNC = University of North Carolina at Chapel Hill. RT = reaction time;

p(resplsignal) = probability of responding given a stop signal; SSRT = stop-signal reaction time.
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Figure 1
Auction Results From Stanford (Left), Tel Aviv (Middle), and UNC (Right) Samples
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Note. Low (L), low-medium (LM), high-medium (HM), and high (H) signify the four associated value levels from Phase 1 (50 cents or 1.625 new Israeli

Shekels [NIS], 1 dollar or 3.25 NIS, 2 dollars or 6.5 NIS, and 4 dollars or 13 NIS, respectively). Mirroring Wessel et al. (2014), error bars indicate the standard

error of the mean across subjects. UNC = University of North Carolina at

39.1% at UNC), so the preponderance of evidence suggests that this
IID procedure results in relatively high rates of Phase 2 explicit
knowledge and no IID. Second, though we used the experimental
code from Wessel et al. and followed all guidance provided for
running the experiment, it is possible that we may have inadvertently
diverged from some aspect of the procedure that was key to showing
the IID effect. If this is the case, this would suggest that the IID effect
observed in Wessel et al. is quite fragile. Third, given the complete
lack of an IID effect in this multisite effort that included more
subjects across more populations than the original Wessel et al.
(2014,2015) experiments, it is possible that the original Wessel et al.
(2014, 2015) IID effect was a false positive that resulted from
sampling variability. Relatedly, the original Wessel et al. (2014,
2015) samples included fewer subjects (N = 27-65 each) than each
of our individual site samples (N = 151-163 each), even after
applying Wessel et al.’s exclusion criteria (N = 80-87 each).

Implication for IID Using Different Designs

Wessel et al.’s (2014, 2015) work consists of two studies among a
larger group of IID studies, most of which used stimuli with inherent
value, like food (e.g., Veling et al., 2013) or alcohol (Jones et al., 2016),
instead of arbitrary stimuli like the colored shapes of Wessel et al. Our

Chapel Hill.

work provides strong evidence against the robustness of the IID effect
in Wessel et al. and brings into question experiments using stop-signal
tasks and arbitrary devaluation stimuli. However, there are multiple
large-scale, preregistered studies that support the robustness of IID
when using the go/no-go task and stimuli with inherent value. For
example, three preregistered samples of 336, 140, and 290 subjects,
respectively, observed the IID effect using palatable foods as stimuli
and the go/no-go task as the intervention (Adams et al., 2021; Tzavella
& Chambers, 2023). Additionally, there are multiple meta-analyses
supporting IID using stimuli with inherent value, especially when the
intervention is a go/no-go task (Jones et al., 2016; Yang et al., 2019,
2022). Hence, we believe it would be premature to conclude from our
work that IID is generally not robust or replicable. However, meta-
analyses can be driven by publication bias (Kvarven et al., 2020), and
even preregistration can be susceptible to publication bias, as pre-
registering a study does not ensure submission or acceptance of the
study once it is completed (Ensinck & Lakens, 2025). Only registered
replications, like this study, provide an assurance of publication before
data collection that is made irrespective of the subsequent results. To
our knowledge, this is the first registered replication of the IID effect.
To further validate IID using stimuli of inherent value and the go/no-go
task as an intervention, we encourage future registered replications of
the IID effect, including using the go/no-go task with arbitrary stimuli,

Table 2
Auction Results for Stanford, Tel Aviv, UNC, and All Sites Combined
Effect Test Stanford Tel Aviv UNC Combined
Stopping Main effect Stopping F(1, 79) = Stopping F(1, 83) = Stopping F(1, 86) = Stopping F(1, 250) =
0.01, p = .925 0.47, p = 495 0.02, p = .903 0.21, p = .646
Stopping BF, 8.08 6.62 8.39 12.74
Stopping Equivalence test #79) = 4.73, p < .001 #(83) = 3.60, p < .001 #(86) = —6.28, p < .001 #250) = 8.20, p < .001
Stopping Count of no stop < stop 46 of 80 46 of 84 44 of 87 136 of 251
Value Main effect Value F(3, 237) = 7.51,  Value F(3, 249) = 4.39,  Value F(3, 258) = 10.34,  Value F(3, 750) = 19.91,
p < .001 p = .005 p < .001 p < .001
Interaction  Interaction Interaction F(3, 237) = Interaction F(3, 249) = Interaction F(3, 258) = Interaction F(3, 750) =
191, p =.128 0.63, p = .594 0.62, p = .602 143, p = .234
Note. UNC = University of North Carolina at Chapel Hill; BF = Bayes factor.
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Figure 2

Point Plot With 95% Confidence Intervals of the Inhibition-Induced
Devaluation Effect for Stanford (Left), Tel Aviv (Middle), and UNC
(Right) Subjects
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Note. Devaluation is computed by subtracting the mean stop stimulus

bidding level from the mean no-stop stimulus bidding level, so values above
0 indicate devaluation. Each dot is an individual subject. UNC = University
of North Carolina at Chapel Hill.

the stop-signal task using stimuli with inherent value, and the go/no-go
task using stimuli with inherent value.

Why Might Wessel et al.’s (2014) Design Be Less Robust
Than Other IID Designs?

A thorough discussion of the theoretical mechanisms underlying
IID is beyond the scope of this work, and we point interested readers
to the following theoretical work (Saad et al., 2024; Veling et al.,
2022), but we briefly discuss two considerations for why the pro-
cedure appears less robust than other IID tasks. First, in line with
previous work suggesting that the go/no-go task is a better inter-
vention to produce IID than the stop-signal task (Allom et al., 2016;
Chen et al., 2019; Jones et al., 2016; Yang et al., 2019), it is possible
that the consistent association between stop stimulus and success-
fully stopping that is a feature of the go/no-go task may be essential to
observe IID. Second, Phase 3 of Wessel et al. (2014, 2015) involves
an auction to bid money for colored shapes, which subjects may have
found more confusing than judging the value of real-world stimuli
like food. Our experiments all replicated Wessel et al.’s main effect
of value (i.e., subjects offered higher values at the Phase 3 auction for
stimuli with higher Phase 1 value), so our procedure was successful
in associating stimuli with different values, but the difference in
value across stimuli was small (mean auction value across the three
replication samples: low = 3.54, SD = 0.99; low-medium = 3.66,
SD = 0.95; high-medium = 3.79, SD = 0.91; high =3.99, SD = 0.97;
see Figure 2). This small effect may have resulted in part from
subjects being uncertain how to assign value to colored shapes.

Constraints on Generality

The present null findings regarding IID are most directly appli-
cable to the specific experimental paradigm of Wessel et al. (2014,
Experiment 2), which this multisite registered replication closely

BISSETT ET AL.

followed. While data were collected from three diverse university
settings (a U.S. private university, a U.S. public university, and a
public university in Israel), broadening the generalizability across
academic contexts, the participant samples predominantly consisted
of university-affiliated young adults. Consequently, the generaliz-
ability of these null findings to populations differing in age or
educational background remains to be determined. Additionally, the
generalizability of these null findings to tasks using stimuli with
inherent value or the go/no-go task as the intervention is uncertain.

Conclusion

In an international three-site preregistered replication, including
a U.S. private university, a U.S. public university, and a public
university in Israel, we fail to replicate Wessel et al.’s (2014)
Experiment 2, bringing into question the robustness of IID effects
using arbitrary stimuli like colored shapes and the stop-signal par-
adigm as the intervention. We encourage similar registered repli-
cation efforts to evaluate the robustness of IID effects that implement
other designs, including using stimuli with inherent value and the
go/no-go task as the intervention. Combined with the results shown
here, such future work will help to validate whether the promise of
IID for changing behavior and improving public health is supported
by a robust effect.
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