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Humans have the ability to intentionally forget information viaAQ:A AQ:Bdifferent strategies, included suppression of encoding
(directed forgetting) and mental replacement of the item to encode (thought substitution). These strategies may rely on dif-
ferent neural mechanisms; namely, encoding suppression may induce prefrontally mediated inhibition, whereas thought sub-
stitution is potentially accomplished through modulating contextual representations. Yet, few studies have directly related
inhibitory processing to encoding suppression, or tested its involvement in thought substitution. Here, we directly tested
whether encoding suppression recruits inhibitory mechanisms with a cross-task design, relating the behavioral and neural
data from male and female participants in a Stop Signal task (a task specifically testing inhibitory processing) to a directed
forgetting task with both encoding suppression (Forget) and thought substitution (Imagine) cues. Behaviorally, Stop Signal
task performance (stop signal reaction times) was related to the magnitude of encoding suppression, but not thought substi-
tution. Two complementary neural analyses corroborated the behavioral result. Namely, brain-behavior analysis demonstrated
that the magnitude of right-frontal beta activity following stop signals was related to stop signal reaction times and successful
encoding suppression, but not thought substitution; and classifiers trained to discriminate successful and unsuccessful stop-
ping in the Stop Signal task could also classify successful and unsuccessful forgetting following Forget cues, but not Imagine
cues. Importantly, inhibitory neural mechanisms were engaged following Forget cues at a later time than motor stopping.
These findings not only support an inhibitory account of directed forgetting, and that thought substitution engages separate
mechanisms, but also potentially identify a specific time in which inhibition occurs when suppressing encoding.
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Significance Statement

Forgetting often seems like an unintended experience, but forgetting can be intentional, and can be accomplished with multi-
ple strategies. These strategies, including encoding suppression and thought substitution, may rely on different neural mecha-
nisms. Here, we test the hypothesis that encoding suppression engages domain-general prefrontally driven inhibitory control
mechanisms, while thought substitution does not. Using cross-task analyses, we provide evidence that encoding suppression
engages the same inhibitory mechanisms used for stopping motor actions, but these mechanisms are not engaged by thought
substitution. These findings not only support the notion that mnemonic encoding processes can be directly inhibited, but also
have broad relevance, as certain populations with disrupted inhibitory processing may be more successful accomplishing
intentional forgetting through thought substitution strategies.

Introduction
Forgetting information can be adaptive (Bjork, 1989), AQ:Cand
while most forgetting occurs unintentionally, individuals
can intentionally forget information (Sahakyan et al., 2013;
Anderson and Hanslmayr, 2014; Sahakyan, 2022). Intentional
forgetting has primarily been studied with the directed forget-
ting (DF) task, in which study items are followed by cues to
remember or forget (Bjork et al., 1968), and items followed by
forget cues are remembered less often. Historically, the selective
rehearsal account (Bjork, 1970, 1972; MacLeod, 1975; Basden et
al., 1993) explained the effect as effortful processing only following
cues to remember. However, cognitive neuroscientific research has
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identified that active neural processing occurs following cues to for-
get that is predictive of future forgetting, particularly in the PFC
(Wylie et al., 2008; Rizio and Dennis, 2013; Oehrn et al., 2018).AQ:D

Different strategies to intentionally forget information also
engage different mechanisms. When participants are told to
think of something else instead of forget information, a strat-
egy of thought substitution, similar rates of forgetting are
observed (Sahakyan and Kelley, 2002; Hertel and Calcaterra,
2005), but different neural mechanisms are engaged (Bergström
et al., 2009; Benoit and Anderson, 2012; H. Kim et al., 2020).
Recently, we developed a modified DF paradigm, including cues
to directly suppress encoding (“Forget” cues), as well as cues to
perform thought substitution (“Imagine” cues), during encoding
(Hubbard and Sahakyan, 2021). Both strategies produced forget-
ting, but recruited separable neural mechanisms, with only
Forget cues eliciting frontal oscillatory activity.

These findings are consistent with other studies using the
Think-No-Think (TNT) task to study forgetting, which focuses on
retrieval rather than encoding suppression (Anderson and Green,
2001). Retrieval suppression also engages the PFC (Anderson et
al., 2004; Depue et al., 2007), which may reflect engagement of
top-down inhibitory control mechanisms to suppress mnemonic
functions (Anderson et al., 2016; Anderson and Hulbert, 2021).
To link prefrontal activity observed during retrieval suppression to
inhibitory control mechanisms, researchers have compared neural
responses observed in the TNT task to responses observed in the
Stop Signal paradigm, a task that directly measures engagement of
inhibitory mechanisms to stop actions (Logan and Cowan, 1984;
Verbruggen and Logan, 2009). Research using this task has
delineated a critical role of the right PFC in action stopping
(Chevrier et al., 2007; Aron et al., 2014), and that b oscillations
in this region support successful inhibition (Swann et al., 2009;
Wagner et al., 2018). Studies using both Stop Signal and TNT
tasks have identified that similar neural substrates (Ap!valka et
al., 2022) and oscillatory mechanisms (Castiglione et al., 2019)
support inhibition of actions and thoughts, suggesting that do-
main-general prefrontal control is engaged.

The previous work focused on the TNT task, where retrieval
must be inhibited. However, no study to date has examined the

role of domain-general prefrontal control in the DF task, where
encoding is suppressed. Suppressing encoding and stopping a
motor action may rely on the same mechanisms (Hourihan and
Taylor, 2006; Fawcett and Taylor, 2010), as items that are inhib-
ited in a Stop Signal task are remembered less often (Chiu and
Egner, 2015a, 2015b), and prefrontal activity is observed follow-
ing cues to forget (Oehrn et al., 2018); yet, assuming this to be
the case would be a reverse inference, and this hypothesis must
be specifically tested.

Here, we test the hypothesis that suppression of encoding
relies on domain-general inhibitory mechanisms, and that this
engagement is specific to encoding suppression, not thought sub-
stitution. We related behavioral performance and neural process-
ing during a Stop Signal task to Forget and Imagine cues in the
DF task (Hubbard and Sahakyan, 2021). We used behavioral par-
tial least squares (PLS) and neural decoding techniques to exam-
ine the similarity in neural processing between these tasks to
directly test the degree to which different strategies of intentional
forgetting engaged top-down inhibitory control mechanisms. We
predicted that top-down inhibitory control mechanisms engaged
by stopping motor actions would also be engaged by Forget cues,
but not by Imagine cues.

Materials and Methods
Experimental design and statistical analysis

Participants. The participants were the same as reported by Hubbard
and Sahakyan (2021). Three additional participants were dropped for
violating the assumptions necessary to accurately calculate stop signal
reaction times (SSRTs), resulting in a total of 33 participants in the final
analysis. All participants reported normal or corrected vision and had no
history of any neurologic or psychiatric disorder. Mean age was 21 years
(range 18-30 years), and 22 of the participants were female. The study
was approved by the Institutional Review Board of University of Illinois
Urbana–Champaign, and all participants provided written informed
consent and were debriefed following participation.

Materials and procedure. An outline of the experimental procedure
is presented in F1Figure 1. The Stop Signal task was designed in concord-
ance with guidelines for accurate measurement of response inhibition
(Verbruggen et al., 2019). After informed consent and EEG setup, partici-
pants were comfortably seated ;100 cm from a monitor in a quiet room,

Figure 1. Outline of the experimental procedure and analytical method. Participants first completed the Stop Signal task, in which they responded by pressing the arrow key presented, but
stopped this response if the arrow turned red. Afterward, participants completed the DF task, where words were followed by specific memory instructions. Multiple analyses were then con-
ducted to relate behavioral performance across these tasks, as well as engagement of neural processes between successful stopping and intentional forgetting.AQ:K
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where they received instructions for the Stop Signal task. Participants per-
formed four blocks of the task, each block containing 80 trials; 25% of the
trials were Stop trials, leading to a total of 240 Go trials and 80 Stop trials.
Each trial began with blank screen for 500ms, followed by a fixation cross
for 500ms, after which a left or right arrow was presented, and partici-
pants were instructed to respond as quickly as possible by pressing the
matching arrow key on the keyboard. On Stop trials, the arrow turned red
after a brief delay, indicating that participants should withhold their key-
board response. The delay between the onset of the arrow and the onset of
the Stop stimulus varied based on the performance of the participant: it
started at 200ms, increased by 50ms if participants successfully stopped
their response, and decreased by 50ms if participants were unsuccessful in
stopping. The arrow remained on the screen for a total of 1500ms.

Following the Stop Signal task, participants took a short break, and
then were given instructions for the DF memory task, outlined in
Hubbard and Sahakyan (2021). First, participants were given a familiar-
ization period in which they were presented with each of the three sepa-
rate Imagine prompts, and were given 60 s to visualize and verbally
describe a clear mental image that related to the cue. The Imagine cues
were selected from previous DF studies that compared Forget instruc-
tions with a thought substitution condition in a list-method paradigm
(Sahakyan and Kelley, 2002; Delaney et al., 2010). The house prompt
corresponded to imagining their childhood home, the silverware prompt
corresponded to imagining their high school cafeteria, and the plane
prompt corresponded to imagining a recent vacation. Three different
imagine prompts (as opposed to a single prompt) were used to increase
the chances of engaging in different mental contexts shifts throughout
the experiment rather than repeatedly revisiting the same mental con-
text. All of the participants in the study were able to provide vivid images
and details in response to the imagination prompts After these instruc-
tions, the participants were instructed that they would be presented with
a series of words to study, and each word would be followed by an image
that would tell them what to do next. If they saw a green check mark (a
Remember cue), they should try to remember the word, as their memory
for it would be tested later. If they saw a red X (a Forget cue), they should
try to forget the word, and their memory for that word would not be
tested later. Last, if they saw one of the three Imagine prompts (house,
silverware, or plane), they should mentally generate the mental image
that they had previously created in the familiarization period, and focus
on that, instead of the word they just studied., Memory performance did
not differ between the three imagination prompts. Study words were
presented centrally for 3 s, followed by a 1 s fixation, and then a 4 s
memory cue presentation. Participants viewed 126 words and cues in
total, with 42 in each cue condition, and 14 in each of the three Imagine
conditions.

Following the encoding phase, the participants performed a recogni-
tion task, in which they indicated whether presented words were old or
new. They were informed that their memory for the Forget cue items
would indeed be tested, and they should respond “old” even if they recall
that the word was originally a Forget cue item (i.e., the Forget instruc-
tions were canceled at the time of test). Participants were presented with
all 126 study words, intermixed with 84 new words, for a total of 210
words in a random order. Each word was presented centrally for 2 s, af-
ter which a prompt to make an Old/New response appeared.

The stimuli in the Stop Signal task were filled white arrows pointing
to the left or the right, which turned red during stop trials. In the DF task,
the stimuli were 210 medium frequency nouns (Kucera & Francis mean
word frequency of 43, 4-6 letters in length). The assignment of each word as
either an old or new word, as well as to each of the three memory instruc-
tion conditions, was randomized for each participant. Picture images,
downloaded from www.emojipedia.org,AQ:E were used to designate the three
memory instructions: Remember, Forget, and Imagine. Remember cues
were represented by a green check mark, while Forget cues were depicted
by a red X. For the Imagine cues, pictures of a house, a silverware set, and
an airplane were used.

Stop signal behavioral analysis
Analysis of stop signal responses was conducted following recommenda-
tions from Verbruggen et al. (2019). Namely, SSRTs were calculated for

each participant using the integration method, and response omissions
to Go trials were replaced with the participant’s max Go trial RT. As
stated in Participants, for 3 participants, mean RTs on unsuccessful Stop
trials were numerically larger than mean RTs on Go trials. This violates
the assumptions of the independent race model, rendering SSRT esti-
mates unreliable (Band et al., 2003); thus, these 3 participants were
removed from the analysis.

Recognition memory behavioral analysis
Recognition memory performance was analyzed with mixed effect logis-
tic regression models predicting whether participants made a correct or
incorrect recognition response on trial-level behavioral data. Models
were fit by maximum likelihood using the lme4 package in R (Bates et
al., 2015), and Wald’s z scores were computed for each coefficient to test
for significance of fixed effects. Random factors included intercepts for
items and slopes and intercepts for participants for the fixed effect of
condition. Correlations between random factors were not calculated to
ease convergence of the models. To test differences in recognition accu-
racy by cue condition, cue condition was included as a fixed effect in the
model.

Cross-task behavioral analysis
Given that both SSRTs and overall magnitudes of both DF and thought
substitution are subject-level measurements as opposed to trial-level
measurements, and that the correlation between DF and thought substi-
tution is high because of overall memory performance, leading to inter-
pretation problems in linear regression models because of collinearity,
we opted to use correlation methods instead. SSRTs and behavioral per-
formance on the DF task were related using robust correlation methods
(Pernet et al., 2013). First, Spearman correlations were used to relate var-
iables, as this method is less sensitive to univariate outliers compared
with Pearson correlations (Rousselet and Pernet, 2012). Second, the
skipped correlation method was used to detect and remove bivariate out-
liers in data to be correlated (Rousseeuw, 1984; Rousseeuw and van
Driessen, 1999; Hubert et al., 2008). Here, the minimum covariance de-
terminant of the data was computed to estimate multivariate location
and scatter, and data points outside the bound defined by the interquar-
tile range were considered outliers and removed. If no outliers were
detected, the skipped correlations were equivalent to Spearman correla-
tions between variables. If outliers were detected, skipped Spearman cor-
relations, in which the outliers were removed, were reported. To avoid
fallacious interpretations of the presence of interactions based on differ-
ences in correlation magnitudes (Nieuwenhuis et al., 2011), we directly
statistically tested correlation differences using multiple methods, imple-
mented by the cocor package in R (Diedenhofen and Musch, 2015).
When reporting statistical differences between correlations, we report
Steiger’s z (Steiger, 1980) and Zou’s 95% CI for differences in the correla-
tion (Zou, 2007). For the memory task, we calculated magnitude of for-
getting for each of the cues for each participant by subtracting average
performance for Forget cue items or Imagine cue items from average
performance for Remember cue items, which we refer to as DF magni-
tude and TS magnitude, respectively.

Interpretations of behavioral correlations solely based on p values are
problematic, and some variance could be shared between the tasks.
Therefore, we additionally supplemented the correlation analyses with
Bayesian correlation analysis (Ly et al., 2016), which provides a Bayes
factor for the correlation. Bayes factors provide estimates of the odds of
the alternative hypothesis over the null hypothesis, and thus can provide
a more nuanced understanding of the magnitude of effects (Jarosz and
Wiley, 2014). Bayes factors are reported in terms of odds in favor of the
alternative hypothesis (e.g., BF10 = 5 would be 5:1 odds). In an attempt
to control for shared variance, we also calculated partial correlations, in
which the correlation between variables or conditions of interest was cal-
culated after eliminating the effect of the other condition (S. Kim, 2015).

EEG recording and preprocessing
EEG data were recorded from 26 Ag/AgCl electrodes embedded into a
flexible elastic cap and distributed over the scalp in an equidistant
arrangement. Additional facial electrodes were attached for monitoring
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of electro-oculogram) artifacts, including one adjacent to the outer can-
thus of each eye and one below the lower eyelid of the left eye. Electrode
impedances were kept,10 kV. Signals were amplified by a BrainVision
amplifier with a 16-bit A/D converter, an input impedance of 10 MV, an
online bandpass filter of 0.016-100Hz, and a sampling rate of 1 kHz. The
left mastoid electrode was used as a reference for online recording; off-
line, the average of the left and right mastoid electrodes was used as a
reference.

Following data collection and offline rereferencing, each raw EEG
time series was passed through a 0.2-40Hz Butterworth filter with a
36dB/oct roll-off. Filter parameters were chosen a priori to remove low-
frequency drifts without causing artifacts in ERP analyses (Tanner et al.,
2015), as well as to remove high-frequency noise but still allow for exam-
ination of beta band activity in time-frequency analyses. The time series
was then segmented into epochs ranging from !700 to 1500ms relative
to the onset of the stop signal during the stop signal task, and to each
memory cue during the encoding section of the memory task. Epoched
data were then submitted to AMICA, an independent component analy-
sis algorithm that decomposes the signal into independent components
(ICs) (Palmer et al., 2012), and components with time series and topog-
raphies indicative of eye-related activity were removed. Across participants,
1-3 components reflecting ocular activity were removed (mean =2.1, SD =
0.43). Last, the electro-oculogram-cleaned data were scanned for large volt-
age deflections (.90mV), and manually scanned by eye, to remove any
epochs with remaining artifacts. Overall, data quality was high, and few
trials were removed (mean = 4.4% across subjects, SD = 4.1%). The av-
erage number of trials per condition were as follows: Successful Stop,
mean = 46 (SD = 8.2); Unsuccessful Stop, mean = 29 (SD = 6.8);
Remember cue, mean = 40 (SD = 2.7); Forget cue, mean = 40 (SD =
2.8); and Imagine cue, mean = 40 (SD = 2.5).

Event-related potential (ERP) and event-related spectral perturbation
(ERSP) analysis
To determine whether inhibitory processes were engaged during the
Stop Signal task and that our results replicated prior research, we exam-
ined differences in ERPs, or changes in scalp amplitudes in response to
stimuli (Luck, 2014), as well as ERSPs, or changes in oscillatory power in
response to stimuli (Makeig, 1993). Before averaging, EEG trials were
baseline corrected with a z score baseline procedure that reduces poten-
tial biases from standard baseline correction procedures (Ciuparu and
Mureş an, 2016). For ERP analyses, the time series from !200 to !1ms
before stimulus was extracted from each trial and concatenated; for
time-frequency analyses, the time series from !400 to !200ms before
stimulus was extracted. Trials that were identified as artifacts were left
out of the baseline. Each trial was then z-scored by the average and SD
of the concatenated baseline. Separate baseline corrections were per-
formed for successful and unsuccessful stop trials, as well as for the dif-
ferent memory cues.

For ERP analyses, a central channel cluster was created from the av-
erage of 5 channels (see Fig. 3A) for examining P3 ERP responses. We
tested latency differences in the P3 using the relative criterion technique
of 50% peak amplitude combined with the jackknife approach (Kiesel et
al., 2008; Miller et al., 2009). Specifically, instead of taking within-subject
latency measurements, latencies were measured from subsample grand
average waveforms, where each participant was omitted from one of the
averages. The peak amplitude was identified at the central channel clus-
ter in the time window from 200 to 600ms for both successful and
unsuccessful stops, and the latency at which the amplitude reached 50%
of the peak was recorded. Differences in latencies were tested with a
t test; the critical t value was adjusted as described by Ulrich and Miller
(2001).

For the time-frequency analysis, EEG epochs were first convolved
with Morlet wavelets that varied in width (number of cycles) to improve
temporal and frequency precisions. The width started at 3 and increased
linearly to a width of 7 across a frequency range of 3-30Hz, resulting in
time-frequency bins of 20ms and 0.5Hz, respectively. Statistical analyses
of comparing successful stops to unsuccessful stops were conducted with
nonparametric cluster-based permutation tests (Maris and Oostenveld,
2007). In these tests, t tests on differences in power across participants

were calculated at each time point, frequency bin, and channel, and sig-
nificant t values that were adjacent in space and time were clustered to-
gether. Clusters were characterized by taking the sum of t values within
the adjacent points. These observed clusters were compared with a per-
mutation distribution, generated by shuffling the condition labels of the
data, testing for differences on the shuffled data, finding clusters of dif-
ferences, and summing the t values of the clusters 2000 times. The most
extreme cluster was recorded for each permutation, and distributions of
these most extreme cluster sums were created for comparison with the
observed cluster sums. Reported p values represent the percentile rank-
ing of the observed clusters compared with the permutation distribution.

Dipole fitting analysis
Interpreting scalp topographies of ERP and time-frequency effects can
be misleading and may vary depending on the scalp coverage, reference
used, and individual variability. To determine whether the right frontal
cortex was indeed recruited by the Stop Signal task, and to relate this ac-
tivity to the DF task, we used dipole fitting to localize the source of the
Stop Signal activity. Following previously used methods (Wagner et al.,
2018; Castigline et al., 2019), AQ:Fthe raw EEG data were passed through a 2-
60Hz bandpass Butterworth filter, and rereferenced to the average refer-
ence. The data were then segmented into epochs around the onsets of
the stop signal !1 to 1.5 s), including both successful and unsuccessful
stop trials. These epochs were concatenated and submitted to AMICA
for independent component analysis decomposition, resulting in ICs
potentially reflecting neural sources.

Following this, equivalent current dipoles were estimated for each IC
using the DIPFIT2 toolbox in EEGLAB (Oostenveld and Oostendorp,
2002), in which the dipoles were fit to the scalp projections of the ICs
using a standardized three-shell boundary element head model. The
EEG electrode locations were aligned with the standard MNI brain
model for mapping to underlying neural sources. Dipoles were then fit
to the ICs by first performing a coarse-grained grid search across the 3D
grid of the brain, which provided better starting locations for more fine-
grained nonlinear optimization of the dipole positions. IC scalp projec-
tions, dipole positions, and dipole source activity were then visually
inspected to ensure that the sources were not simply noise, ocular arti-
fact, or positioned outside of the brain. We based our selection of ICs on
previous research identifying activity from a right frontal source under-
lying action stopping (Wagner et al., 2018). For each participant, an IC
was selected with a frontal scalp topography, a dipole localized to the
right frontal lobe, and a residual variance ,85%. We focused our selec-
tion on spatial and anatomic constraints to avoid any double dipping.
Theoretically, the source activity time course of the selected ICs reflects
neural activity specifically from the underlying brain source, but analysis
of the source activity was not factored into IC selection. Topographies of
subject-level ICs can be found at the OSF repository for the project (see
Data availability statement).

For each participant, the selected IC source activity time course was
submitted to a time-frequency analysis using wavelet decomposition,
identical to the time-frequency analysis described above for the EEG
data. The time-frequency data at the source level were then averaged for
successful stops, as well as unsuccessful stops, and the difference between
condition averages was calculated. As before, significant differences in
time-frequency activity were calculated using nonparametric cluster-
based permutation tests, in which t tests on differences in power across
participants were calculated at each time-frequency bin, and the cluster-
sum statistics were compared with a permutation distribution created by
shuffling the condition labels.

PLS brain-behavior analysis
To relate neural inhibitory responses to behavioral outcomes in a data-
driven fashion, we performed behavioral PLS correlation (McIntosh and
Lobaugh, 2004; Krishnan et al., 2011). Briefly, PLS is a singular value
decomposition (SVD) based analysis that attempts to reduce an X matrix
of variables (e.g., voxels or time points of neuroimaging data) into a set
of latent variables (LVs) that maximize covariance with a second Y ma-
trix of variables (e.g., behavioral scores). We adopted a similar analysis
strategy used in recent TNT studies, where fMRI data were collected and
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related to retrieval suppression, for our EEG data (Gagnepain et al., 2017;
Ap!valka et al., 2022). Namely, for each participant, we calculated the av-
erage difference in power between successful and unsuccessful stop trials
at each time-frequency channel bin of their time-frequency data following
the onset of the stop signal, and converted this 3D matrix of differences
into a row vector. The X matrix for the PLS analysis was created by con-
catenating each participant’s time-frequency data (i.e., the rows of the
matrix represented participants, and the columns represented a time-
frequency channel bin). The Y matrix had a similar structure, where
each row represented a participant, and each column represented behav-
ioral scores from a task (SSRTs, DF magnitude, and TS magnitude).

To perform the analysis, both the X and Y matrices were mean-cen-
tered, and each row was normalized to set the sum of squares of all its
values to 1 to ensure that overall differences in activity and performance
between participants was controlled for. Next, a correlation matrix (R)
was computed between the X and Y matrices in which each time-fre-
quency bin measurement was related to each behavioral measurement
across participants. SVD was then applied to the correlation matrix R to
calculate the LVs that maximized covariance between the X and Y data.
Each LV had an associated singular value, representing the degree of
explained covariance, as well as a matrix of brain saliences, representing
the strength of the relationship between oscillatory power and behavioral
performance at each time-frequency channel bin. The statistical signifi-
cance of the LVs was determined using a permutation testing technique,
in which the rows of the X matrix were randomly shuffled to randomly
reassign the mapping between neural measurements and behavioral
scores, and the SVD was recomputed on the shuffled data to obtain a
distribution of singular values. This process was repeated 5000 times,
and the p value of the observed LV singular value represented its percen-
tile ranking in the permutation distribution of singular values. Statistical
significance of the brain salience scores was determined using boot-
strapped sampling, in which resampled data were generated by sampling
with replacement and SVD was recomputed on the bootstrapped data
5000 times. The observed brain scores were then divided by the SE of the
bootstrapped distribution, resulting in a bootrstrapped standard ratio,
equivalent to a z score of the brain score. These bootrstrapped standard
ratio values could then be thresholded at 1.96, equivalent to a two-tailed
p value of 0.05, to determine significant values.

Cross-task neural decoding
To explicitly test whether the same neural processes engaged by successful
action stopping in the Stop Signal task were engaged in the DF task, we
used a cross-task multivariate pattern analysis of the EEG data, coined
neural decoding (King and Dehaene, 2014; Grootswagers et al., 2017).
Here, for each participant’s data, a linear discriminant analysis (LDA) clas-
sifier was trained on time-frequency data to discriminate successful versus
unsuccessful stopping in the Stop Signal task. Specifically, oscillatory
power values at each frequency channel bin were concatenated to create a
feature vector for both successful and unsuccessful stop trials, and the clas-
sifier was trained on these features to discriminate the class (Successful
Stop vs Unsuccessful Stop). To improve power and to focus on the specific
frontal inhibitory mechanism, the time-frequency data were first averaged
in the time domain, centered on the cluster identified by the PLS analysis.
Additionally, to ensure the classes were balanced, trials were randomly
selected so that the trial numbers in each class were balanced.

Once training was complete, the classifier was tested on time-fre-
quency data from the DF task; specifically, the time-frequency data fol-
lowing cue presentation. Separate analyses were conducted for Forget
and Imagine cues. Oscillatory power values from each frequency channel
bin were concatenated for each trial, and trials were separated based on
future memory success (Remembered vs Forgotten). The rationale here
is that, if Forget or Imagine cues engage the same inhibitory mechanisms
as in the Stop Signal task to promote later forgetting, then the classifier
will be able to discriminate successful versus unsuccessful forgetting in
the memory task. Importantly, we tested the classifier on oscillatory data
at each time point following the onset of the memory cue, which resulted
in a time series of classifier accuracies for each participant and for each
memory cue.

To test for statistically significant classification, we performed one-
tailed t tests on classification accuracies across participants, with the null
hypothesis that accuracy was equal to 50% (chance accuracy). To correct
for multiple comparisons, we used cluster-based permutation testing
(Maris and Oostenveld, 2007). Specifically, we assumed that inhibitory
processing would last for some amount of time, and thus contiguous sig-
nificant time points in the time series of classification accuracies could be
grouped to form clusters by summing their t values. Then, the training
data labels were shuffled for each participant, the entire classification pro-
cedure was conducted again, and the most extreme cluster in the resulting
time-series of classification accuracies was recorded. This was repeated
2000 times to create a permutation distribution of cluster accuracies. The
reported p values for the observed classification accuracy clusters represent
the percentile ranking compared with the permutation distribution.

Our rationale was that the classifier would learn to discriminate neu-
ral signals of successful inhibition (successful Stop trials) from unsuc-
cessful inhibition (unsuccessful Stop trials); however, unsuccessful Stop
trials could elicit neural signals related to error monitoring, and the clas-
sifier could instead learn to discriminate neural signals related to errors
(unsuccessful Stop trials) from trials with no errors (successful Stop tri-
als). To rule this out, we performed an additional decoding analysis
where the classifier was instead trained to discriminate successful Stop
trials from successful Go trials. Here, participants should not elicit any
inhibitory or error-related activity during Go trials. However, this analy-
sis added the technical issue of alignment in time; namely, successful
Stop trials are aligned to the onset of the Stop signal, whereas there is no
onset of a Stop signal present during Go trials. To correct this, for every
Go trial, we took the time the participant responded and subtracted the
participant’s SSRT, and aligned to this time point. In this way, the partic-
ipant’s response on Go trials should be roughly aligned with the internal
“response,” or onset of inhibition, on Stop trials. Significant time points
of classification were calculated using cluster-based permutation, as
described above. For both classification analyses, we plotted the most
important channels for the classification by multiplying the LDA classi-
fier weights by the covariance of the data and projecting the transformed
weights to the scalp channel locations (Haufe et al., 2014).

Testing the classifier accuracy against chance level is informative to
determine whether there is neural signal that differentiates between suc-
cessful and unsuccessful trials that is shared between the tasks; however,
we also wished to explicitly test whether cross-task classification per-
formance differed between Forget cues and Imagine cues. We performed
additional tests to directly compare the classifier accuracies between Cue
conditions. For testing differences in accuracies, we followed the norms
of previous literature and conducted statistical tests using Wilcoxon
signed rank tests (Chan et al., 2011; Grootswagers et al., 2017; Linde-
Domingo et al., 2019). First, cluster-based permutation tests were con-
ducted similarly as described above. At each time point, the classifier
accuracies across participants following Forget cues were statistically
compared with the classifier accuracies across participants following
Imagine cues, and clusters were formed by summing the z values of con-
tiguous significant time points. Then, the Cue condition labels were
shuffled for each participant, the statistical tests across time were con-
ducted again, and the most extreme cluster was recorded. This was
repeated 2000 times to create a permutation distribution of clusters. The
clusters of the observed data were compared with this permutation dis-
tribution. Since cluster-based permutation tests may be less sensitive, we
also conducted a second analysis in which we specifically tested differen-
ces in averaged classifier accuracies between Cue conditions in the time
window in which classifier accuracies differed from chance level.

Data availability
The behavioral data, processed neural data, experiment presentation,
and analysis files are available at https://osf.io/8s5e7/.

Results
Stop signal behavioral results
Participants performed very few response omissions on Go trials,
and close to zero response errors (pressing the incorrect
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directional key), resulting in an average success rate on Go trials
of 98%. For Stop trials, the average success rate for stopping was
61% (95% CI of the mean: 58%-64%), and no participant was
,25% or .75% stopping. Thus, the assumptions for calculating
SSRTs were not violated. The distribution of SSRTs, as well as
the mean SSRT, are plotted inF2 Figure 2A. The mean SSRT,
205ms, was in line with other studies using the stop signal task
(e.g., Wessel and Aron, 2015).

Recognition memory results
Participants’ recognition memory performance for the four types
of test items (Remember, Forget, Imagine, and New) are plotted
in Figure 2B. While a similar figure and analysis were reported in
Hubbard and Sahakyan (2021), we recomputed the results with
the 3 participants removed for violating the SSRT assumptions.
The mixed logit model predicting memory accuracy revealed sig-
nificant differences between cue conditions; namely, participants
had higher memory accuracy for Remember cue items than
Forget (b = 1.24, z=8.21, p, 0.01) as well as Imagine (b =
1.01, z= 6.19, p, 0.01) cue items. Additionally, accuracy for
Imagine cue items was significantly greater than for Forget cue
items (b = 0.24, z=2.66, p= 0.01). Thus, we observed a DF effect
for both Forget and Imagine items, but the magnitude of the
effect was greater for Forget cue items.

Cross-task behavioral results
Given that assumptions were met for calculating SSRTs, and par-
ticipants demonstrated successful DF and thought substitution
memory effects, we tested whether inhibitory efficiency during
the Stop Signal task was related to success of intentional forget-
ting during the DF task. We ran separate analyses for Forget and
Imagine cues to determine whether different strategies for inten-
tional forgetting were differentially related to inhibitory efficiency in
the Stop Signal task. Forgetting Magnitude scores were calculated as
Remember – Forget accuracy (here termed “Directed Forgetting
Magnitude”) and Remember – Imagine accuracy (here termed
“Thought Substitution Magnitude”) for each participant, and these
Forgetting Magnitude scores were then correlated with SSRTs.
Correlations between participant SSRTs and Forgetting Magnitude
scores are plotted in Figure 2C. Outlier detection methods did not
identify bivariate outliers in either correlation; thus, Spearman cor-
relations are reported. The correlation between SSRTs and Directed
Forgetting Magnitude was statistically significant (r(31) = !0.49, t =
!3.099, p=0.004). In contrast, the correlation between SSRTs and
Thought Substitution Magnitude was not significant (r(31) =
!0.251, t = !1.444, p=0.159). Statistical tests revealed a significant
difference between these correlations (Steiger’s z=2.04, p=0.04;

Zou’s 95% CI = 0.012-0.485). Thus, SSRTs were more
strongly correlated with Directed Forgetting Magnitude
than Thought Substitution Magnitude.

While the correlations significantly differed, the correla-
tion between SSRTs and Thought Substitution Magnitude
was in the same direction as the correlation between SSRTs
and Directed Forgetting Magnitude, and was perhaps only
nonsignificant because of lack of power. Additionally, par-
ticipant engagement and task attention may have led to
shared variance (i.e., participants that paid more attention
had higher Directed Forgetting Magnitude and Thought
Substitution Magnitude). We conducted further analyses to
deal with these issues. First, we used Bayesian correlation
analysis to calculate correlation Bayes factors for each of
the behavioral correlations. The correlation between SSRTs and
Directed Forgetting Magnitude showed moderately strong evi-
dence against the null hypothesis (BF10 = 5.54); in contrast, the
correlation between SSRTs and Thought Substitution Magnitude
showed weak evidence in favor of the null hypothesis (BF10 =
0.83). We additionally calculated partial correlations between
SSRTs and forgetting magnitudes, in which the variability of one
condition was controlled for before calculating the correlation.
The partial correlation between SSRTs and Directed Forgetting
Magnitude, after controlling for Thought Substitution Magnitude,
remained significant (r(31) = !0.48, t = !2.962, p=0.006). In con-
trast, The partial correlation between SSRTs and Thought
Substitution Magnitude, after controlling for Directed Forgetting
Magnitude, was not significant and even flipped direction (r(31) =
0.19, t=1.056, p=0.300). These additional analyses strongly sup-
port the notion that SSRTs were related to Directed Forgetting
Magnitude, but not Thought Substitution Magnitude.

Stop signal ERPs
We next sought to compare neural processing during the Stop
Signal task to processing during the DF task. To this end, we first
examined ERP and ERSP responses to stop signals to ensure our
results replicated previous studies and further validate the use of
the stop signal neural data for a cross-task analysis. Our primary
interest in the analysis of ERPs was examining P3 responses, as
previous work has demonstrated that P3 latencies are reduced
when successfully stopping motor responses (Kok et al., 2004;
Wessel and Aron, 2015). ERPs time-locked to the onset of the
stop signal and separated into successful and unsuccessful stops
are presented in F3Figure 3A. A P3 component from ;175-500ms
over center-parietal channels was clearly observable for both suc-
cessful and unsuccessful stops, and appeared to peak earlier fol-
lowing successful stops. A jackknife test on peak latencies of the

Figure 2. Behavioral results. A, Distribution of SSRTs and mean SSRT (dotted line). B, Recognition memory accuracy for the DF memory task. C, Correlations between SSRT and magnitude of
forgetting (Remember - Forget, Remember - Imagine).

J_ID: JNEURO Date: 14-February-23 4/Color Figure(s): "F1-F6" ART: JN-RM-0696-22 Page: 6 Total Pages: 14 Comments:

ID: Priti.Tiwari Time: 12:12 I Path: //mumnasprod/home$/Priti.Tiwar$/SN-JNSJ230094

6 • J. Neurosci., 0, 2023 • 00(00):000 Hubbard and Sahakyan · Inhibitory Control and Directed Forgetting Strategies



P3 component using the relative criterion technique of 50% peak
amplitude confirmed this observation: successful stops led to signifi-
cantly earlier P3 onsets compared with unsuccessful stops (261ms
vs 284ms; t(32) = !4.98, p, 0.001), replicating previous stop signal
ERP studies (Kok et al., 2004;Wessel and Aron, 2015).

Stop signal ERSPs
Next, we examined changes in oscillatory activity following stop
signal cues to determine whether frontal b mechanisms were
engaged when stopping was successful. Previous studies have
identified a right frontal oscillatory response in the b frequency
range (15-30Hz) related to successful stopping of motor responses
(Wagner et al., 2018; Castiglione et al., 2019). ERSPs time-locked
to the onset of the stop signal were calculated for both successful
and unsuccessful stops. The difference in oscillatory power
between successful and unsuccessful stops is presented in Figure
3B. Cluster-based permutation analyses identified a significant
positive cluster (greater power for successful stops; p=0.039) with
a frontal-central topography, ranging from 200 to 400ms, in b
range (18-30Hz). Additional significant clusters were a positive
cluster (7-15Hz, 420-750ms, right frontal-central topography;
p=0.002) and a later negative b cluster (15-30Hz, 750-1000ms,
left posterior topography; p=0.008). The finding of the significant
frontal-central b cluster replicated previous results (Wagner et al.,
2018; Castiglione et al., 2019), and in conjunction with the P3
results, suggested participants engaged inhibitory processes during
the stop signal task.

Dipole fitting results
The topographies of scalp EEG can be difficult to interpret and
influenced by reference and processing decisions; and while the

previously identified b cluster was somewhat localized to the
right front of the scalp, it was distributed centrally as well. Thus,
we next sought to determine that the engagement of beta band
activity for successful Stop trials compared with unsuccessful
Stop trials was localized to the right frontal lobe. Independent
component analysis was run on the Stop Signal data for each par-
ticipant, and equivalent current dipoles were fit to right frontal
ICs. Time-frequency decomposition was performed on the IC
source activity to determine whether a similar b increase for
successful Stop trials was identified at the source level. The
results of this analysis are presented in F4Figure 4.

The average scalp topography of the selected ICs, as well as
the dipole localizations, are presented in Figure 4A. Average
ERSPs of the source-level activity showed an increase in beta
band activity ranging from ;250 to 500ms, in b range (19-
29Hz), visualized in Figure 4B. Cluster-based permutation statis-
tics identified this cluster as statistically significant (p= 0.006).
Thus, we replicated the beta band increase for successful Stops
compared with unsuccessful Stops, and that this effect was local-
ized to the right frontal cortex.

PLS brain-behavior relationships
Given that we observed successful stopping in the Stop Signal
task, successful DF in the DF task, and we replicated previous
neural results in our analysis of successful versus unsuccessful
stopping. We next examined relationships between the neural
data in the Stop Signal task and behavioral performance in both
tasks to determine whether individual differences in inhibitory
processing were related to behavior. To this end, we used behav-
ioral PLS combined with permutation statistics to identify LVs in
the neural data (Successful – Unsuccessful Stop) that explained

Figure 3. Electrophysiological results of the stop signal task. A, Top, ERPs time-locked to stop signals at a central channel cluster. Bottom, Topography of P3 component. The highlighted
channels show the central cluster. B, Top, ERSPs of successful versus unsuccessful stops at a frontal channel cluster. Right, Topography b (18-30 Hz) power from 200 to 400 ms, with high-
lighted channels showing the frontal cluster. Bottom, Same as in top plot, but statistically masked to highlight the significant frontal b cluster.
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covariance between oscillatory power and behavioral perform-
ance. The results of this analysis are presented inF5 Figure 5.

The behavioral PLS analysis resulted in one significant LV
(i.e., the singular value of the LV was greater than the permuta-
tion distribution; p= 0.025). This variable alone explained 71.2%
of the covariance between neural oscillatory power and behav-
ioral performance. The significant bins within the time-fre-
quency channel (i.e., the bootstrapped standard ratio at these
bins were .1.96) are shown in Figure 4A. Remarkably, a cluster
very similar to the right frontal-central b cluster that was identi-
fied in the time-frequency analysis of the stop signal data were
identified by the behavioral PLS analysis as significantly covary-
ing with behavioral performance. The cluster extended from
;160 to 360ms, and from 18 to 30Hz in frequency. We note
that the entire time-frequency channel data matrix was entered
into the behavioral PLS analysis; namely, the cluster was identi-
fied in a data-driven fashion and not biased to identify the frontal
b cluster in any way.

To specify the relationship between neural activity in this
cluster and behavioral performance, average oscillatory power
(Successful – Unsuccessful Stop) was extracted from the right
frontal-central b cluster identified by the PLS analysis for each
participant and correlated with behavioral scores. The same ro-
bust correlation methods used for relating behavioral outcomes
were used to relate neural activity to behavior. Bivariate outliers
were identified in the correlations, and thus skipped Spearman
correlations between cluster power and behavioral performance
were reported. Oscillatory beta power and SSRTs were significantly
negatively correlated (r(31) = !0.44, t = !2.77, p=0.01), suggesting
greater engagement of frontal b mechanisms improved stopping
reaction times. Frontal beta power was also significantly positively
correlated with magnitude of DF (r(31) = 0.48, t=3.04, p=0.005),
suggesting that greater engagement of this frontal activity was
related to successful suppression of encoding. Importantly, beta
power was not significantly correlated with thought substitution
magnitude (r(31) = 0.01, t=0. 01, p=0.99), and the DF and thought

Figure 4. Dipole fitting results. A, Top, Scalp topography showing the averaged scalp projection map of the selected right-frontal ICs across participants. Bottom, Equivalent dipole locations
fit to the right frontal ICs for each participant, plotted in the MNI brain. Purple spheres represent participant dipoles. Yellow sphere represents the centroid. B, Top, Average ERSPs of successful
versus unsuccessful stops on the IC source-level activity. Bottom, Same as in top plot, but statistically masked to highlight the significant b cluster.
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substitution correlations significantly differed (Steiger’s z=3.54,
p, 0.001; Zou’s 95% CI=0.214-0.717). We additionally performed
Bayesian correlation analyses to determine the Bayes factors of the
correlations between neural activity and behavior. These analyses
reported moderately strong evidence against the null hypothesis for
the correlations between neural activity and DF (BF10 = 5.77), as
well as SSRTs (BF10 = 3.88). In contrast, the correlation between os-
cillatory power and thought substitution showed evidence in favor
of the null hypothesis (BF10 = 0.39). In sum, engagement of frontal
b mechanisms following stop signals was related to SSRTs and sup-
pression of encoding, but was unrelated to forgetting because of
thought substitution.

Given that the PLS analysis converged with the time-fre-
quency analysis of the Stop Signal data, and we replicated the
localization of this activity to a right frontal source using dipole
fitting, we sought to determine whether the same relationships to
behavior would be found using the source-level oscillatory activ-
ity. We extracted average oscillatory power from the source-level
IC activity for each subject (Successful – Unsuccessful Stop),
focused on the significant cluster found by the cluster-based per-
mutation tests, and correlated this activity with behavioral scores.
The skipped Spearman correlations between oscillatory activity
and DF (r(31) = 0.61, t= 4.32, p, 0.001), as well as SSRTs (r(31) =
!0.59, t = –4.10, p, 0.001) were significant. In contrast, the cor-
relation between oscillatory activity and thought substitution was
not (r(31) = 0.20, t=1.11, p=0.14), and the DF and thought substi-
tution correlations significantly differed (Steiger’s z=3.32, p,
0.001; Zou’s 95% CI=0.173-0.679). Additionally, the Bayesian
correlation analyses reported strong evidence against the null hy-
pothesis for the correlation between oscillatory power and DF
(BF10 = 26.96), as well as SSRTs (BF10 = 127.46), whereas the
Bayes factor for thought substitution showed evidence for the null
hypothesis (BF10 = 0.61). These results corroborate the PLS results
and provide even stronger evidence that engagement of frontal b
mechanisms predicted faster stopping in the stop signal task and
more effective suppression in the DF task, but was not predictive
of thought substitution magnitude.

Cross-task neural decoding
The behavioral PLS results showed that engagement of neural in-
hibitory processes during the Stop Signal task was related to suc-
cessful encoding suppression. However, this result by itself does
not directly demonstrate that the same process or pattern of neu-
ral activity is engaged when a Forget cue is presented, only that
individuals who showed greater engagement of frontal b mecha-
nisms during the Stop Signal task also showed more successful
suppression of encoding. To specifically examine the recruitment

of the same frontal mechanisms during the DF task, we per-
formed a cross-task neural decoding analysis, in which an LDA
classifier was trained to discriminate successful versus unsuccess-
ful stopping in the Stop Signal task using neural oscillatory fea-
tures in the 160-360ms time window (where the time-frequency
and behavioral PLS analyses identified differences between these
conditions). This classifier was then tested to discriminate success-
ful versus unsuccessful forgetting following Forget cues, as well as
Imagine cues, at each time point following the cue. Compared with
fMRI, neural decoding techniques using EEG lack spatial specific-
ity, but have the strength of identifying when in time neural mech-
anisms may be engaged. Therefore, this analysis not only allowed
us to test whether suppression of encoding or thought substitution
recruited the same neural mechanisms as action inhibition, but
also identify when this recruitment occurred. Importantly, this
analysis was conducted within-subjects and at the single-trial level,
allowing for greater evidence of shared neural recruitment beyond
subject-level or block-level decoding.

The time series of classifier accuracies for the first classifier
analysis, in which classifiers were trained on neural data to dis-
criminate Successful Stops from Unsuccessful Stops, are pre-
sented in F6Figure 6A, along with the topographic plot of the
transformed classifier weights (Haufe et al., 2014). Cluster-based
permutation testing was used to determine time windows of sig-
nificantly above-chance classifier accuracy. A significant cluster
was identified when decoding memory outcome following Forget
cues (p=0.012). The cluster spanned ;420-560ms. In contrast,
no significant clusters were found when decoding memory accu-
racy following Imagine cues. While the importance map of the
classifier weights was broadly distributed, it showed some resem-
blance to the PLS cluster identified. A cluster-based permutation
test comparing classifier accuracies across cue conditions identi-
fied two significant small clusters in the same time window, sepa-
rated by 2 time points (p= 0. 045; p=0.037), demonstrating
significantly greater classification accuracy following Forget cues
compared with Imagine cues. A signed rank test comparing aver-
age classifier accuracies between conditions from 420-560ms
also significantly identified greater accuracy following Forget
cues (z= 3.01, p= 0.002).

To ensure that the successful classification was not simply
because of identification of error signals following Unsuccessful
Stops and unsuccessful Directed Forgetting, a second classifier
analysis was performed in which classifiers were trained to dis-
criminate Successful Stops from Successful Go trials. The
results of this analysis are shown in Figure 6B. A significant
cluster, similar to the cluster found in the previous analysis,
was identified when decoding memory outcome following

Figure 5. PLS results. A, Left, Time-frequency plot of PLS cluster at frontal channel cluster, showing beta activity. Right, Topography of PLS cluster from 18-30 Hz and 160-360 ms, showing
frontal cluster. B, Left, Subject-level correlations between behavioral scores (SSRT, DF Magnitude, and TS Magnitude) and oscillatory power extracted from identified PLS cluster. Right, Same as
in left, but oscillatory power was extracted from the dipole source-level oscillatory power.
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Forget cues, although accuracy was lower and the cluster
was shorter in time (p = 0.035). This is potentially because
of the difference in classifier weights, as the topographic
map showed large differences in importance from the initial
analysis, or potentially because of the procedure to align tri-
als in time leading to some inaccuracies in trial alignment.
As in the first analysis, no significant clusters were found
when decoding memory outcome following Imagine cues. A
cluster-based permutation test comparing classifier accura-
cies across cue conditions did not identify a significant clus-
ter; however, a signed rank test comparing average classifier
accuracies between conditions from 420-560 ms also signifi-
cantly identified greater accuracy following Forget cues
(z = 2.23, p = 0.027). Thus, classifiers trained on neural data
from the Stop Signal task could successfully classify mem-
ory outcomes when given neural data following Forget cues,
but could not successfully classify memory outcomes when
given neural data following Imagine cues, suggesting that
direct suppression of encoding recruits frontal inhibitory
mechanisms, whereas thought substitution does not.

Discussion
In the current study, we directly tested the degree to which different
strategies of intentional forgetting during encoding, namely, direct
suppression and thought substitution, engage top-down in-
hibitory control mechanisms to produce forgetting. Recent
research has generally converged on the notion that sup-
pression of retrieval recruits the same inhibitory control
mechanism, indexed by a right frontal b oscillatory signal,
as suppression of other actions (Castiglione et al., 2019;
Ap!valka et al., 2022). While similar signals have been
observed following DF cues (Rizio and Dennis, 2013; Oehrn
et al., 2018; Hubbard and Sahakyan, 2021), to interpret this

as inhibitory control would reflect a fallacious reverse in-
ference, as right frontal activity may reflect many different
cognitive processes (Poldrack, 2006). Additionally, few
studies have investigated the neural mechanisms underlying
thought substitution, and no study to date has probed differences
in engagement of inhibitory control mechanisms between these
strategies. The present data support the view that direct suppres-
sion of mnemonic encoding engages domain-general inhibitory
mechanisms, while forgetting mediated by thought substitution
does not.

Three main points of new evidence from out study cor-
roborate this view. First, behaviorally, participants who showed
better engagement of inhibition in the Stop Signal task (i.e., faster
SSRTs) also showed greater magnitude of forgetting because of
encoding suppression, but did not show a greater magnitude of
thought substitution-mediated forgetting. Importantly, this result
was unlikely to be driven by individual differences in generic task
performance or attention (Goodhew and Edwards, 2019), as this
explanation would be unable to explain the observed interaction
in the correlations, and follow-up analyses using partial correla-
tions demonstrated that the relationship between SSRTs and
encoding suppression remained after controlling for the thought
substitution magnitude. Second, behavioral PLS identified that b
oscillatory activity over right-frontal and central sites was related
to both speed of stopping during the Stop Signal task, as well as
magnitude of encoding suppression in the memory task, but was
unrelated to the magnitude of forgetting following thought substi-
tution. This was corroborated by a dipole fitting analysis that iden-
tified a right frontal source for the b oscillatory activity which was
also related to speed of stopping and magnitude of encoding sup-
pression. Finally, a cross-task neural decoding analysis revealed
that classifiers trained on neural data to discriminate successful
versus unsuccessful stopping could also predict successful forget-
ting following Forget cues, but were unable to predict forgetting

Figure 6. Cross-task decoding results. LDA classifiers trained to discriminate successful versus unsuccessful stopping in the stop signal task were used to discriminate successful versus unsuc-
cessful forgetting following memory cues. Transparent shading represents SE. Topographic maps represent classifier weights. A, Time series of classifier accuracies for classifiers trained to dis-
criminate successful versus unsuccessful Stop trials. B, Same as in A, but for classifiers trained to discriminate successful Stop versus successful Go trials.
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following Imagine cues. These results not only demonstrate that
suppression during encoding recruits domain-general inhibition,
but also that while thought substitution is an effective strategy for
forgetting, it relies on different neural mechanisms than frontally
mediated inhibition.

These results strongly argue against the selective rehearsal
explanation of item-method DF, which posits that Remember
cues lead to additional processing of items, while Forget cues
simply do not, and memory for these items passively decays
(MacLeod, 1975; Basden et al., 1993). Instead, our results are
in line with work suggesting that DF at encoding is an active
process (Anderson and Hanslmayr, 2014), involving active
stopping of mnemonic encoding processes to produce forget-
ting. This active stopping is likely accomplished by engage-
ment of the right frontal cortex (Wylie et al., 2008; Rizio and
Dennis, 2013; Wang et al., 2019). Indeed, studies incorporat-
ing brain stimulation techniques in a list-method DF para-
digm have identified a role of the right PFC in successful
forgetting (Silas and Brandt, 2016; Imbernón et al., 2022).
Here, we expand on previous studies, and are the first study to
directly tie this frontal activity to top-down inhibitory mecha-
nisms with cross-task analyses. While EEG scalp topographies
are not strictly indicative of specific neural generators, our
dipole fitting analysis suggested that the observed b oscilla-
tory activity was localized to the right frontal cortex and was
related to both motor inhibition and DF success, a finding
consistent with research implicating the right PFC in domain-
general inhibitory control (Aron et al., 2004, 2014; Depue et
al., 2016; Wessel and Aron, 2017). In sum, our results support
the notion that the right PFC is recruited when inhibitory con-
trol is required, whether it be stopping a motor action, re-
trieval of a memory, or mnemonic encoding.

Our results also provide novel evidence that the onset of
inhibitory control following a Forget cue occurs later than
following a cue to cease a motor action. Whereas motor in-
hibition engaged right frontal mechanisms within 200 ms,
intentional forgetting engaged this mechanism ;400 ms af-
ter the onset of the cue. This differed from studies of retrieval
suppression using the TNT paradigm, where engagement of
frontal mechanisms seemed to occur at roughly the same time
across tasks (Castiglione et al., 2019). One potential explanatory
difference between our results and the TNT results is that inhibi-
tion of retrieval of already studied information may occur more
rapidly than inhibition of the mnemonic encoding process.
Another potential difference is that, in the TNT task, retrieval
suppression of a particular item occurs multiple times within the
experiment. Over repeated trials, the need for inhibitory control
is reduced, and activation in right PFC declines (Kuhl et al.,
2007; Wimber et al., 2015; Ap!valka et al., 2022). This could
potentially lead to faster engagement of inhibition over time,
although this has not been demonstrated empirically. In our
study, we measured inhibition of encoding at the first encounter
of the item, and thus engagement of inhibition may have taken
longer. Future studies could potentially use brain stimulation,
such as transcranial magnetic stimulation, over right frontal sites
at different time points following a Forget cue to more accurately
identify the timing of engagement of inhibition, or specifically
examine bursts of beta activity, as was recently investigated in a
Stop Signal task (Hannah et al., 2020).

We found little evidence that thought substitution cues elicited
frontal inhibition mechanisms, although it is of course possible
that thought substitution does recruit some form of inhibition, but
to a much lesser extent than direct suppression that we were

unable to detect in the current study. Interestingly, similar
rates of forgetting were still observed following these cues
compared with Forget cues, although Forget cues were more
effective than Imagine cues. What, then, is the mechanism of
forgetting engaged by thought substitution? One likely possi-
bility is that thought substitution produces a shift in context
during encoding of the items, leading to later forgetting.
During encoding, representations of mental context, which
can include external environmental features as well as inter-
nal mental thoughts, become associated with items and can
be used as a cue to retrieve items from memory (Howard and
Kahana, 2002; Polyn et al., 2009). If the mental context is
shifted from the ongoing experimental context, then retrieval
of items when the mental shift occurred may be impacted.
Indeed, in list-method DF studies, instituting a mental context
change instead of a direct instruction to forget induces similar
rates of forgetting (Sahakyan and Kelley, 2002; Delaney et al.,
2010), and we demonstrated that this can occur at the item level
as well (Hubbard and Sahakyan, 2021). Recent theoretical advan-
ces suggest context may indeed shift, creating event boundaries
and segmentation of ongoing experience into episodes (DuBrow
et al., 2017), which may occur following thought substitution.
Future fMRI work comparing item-method DF and thought sub-
stitution may elucidate the specific mechanisms that underlie
this strategy.

Our results could have important clinical implications, and
may provide greater understanding to research involving DF in
special populations. For instance, older adults generally show
reduced effects of DF cues compared with younger adults (Titz
and Verhaeghen, 2010), but exhibit larger forgetting effects when
a thought substitution instruction is given instead (Sahakyan et
al., 2008). Older adults also show higher SSRTs than younger
adults on the Stop Signal task (Kramer et al., 1994; Rush et al.,
2006) and less right frontal cortical engagement following stop
signals (Coxon et al., 2016). Similarly, patients with schizophre-
nia also exhibit longer SSRTs and reduced right frontal activity
following stop signals (Hughes et al., 2012), but only individuals
at risk for schizophrenia with positive schitzotypy symptoms
showed reduced effects of forget cues in an item-method DF
experiment (Sahakyan et al., 2020). These patterns of results sug-
gest that deficits in domain-general inhibitory processing, medi-
ated by the right frontal cortex, can lead to reduced efficacy of
direct suppression of encoding. However, individuals in these
populations may retain the ability to successfully forget informa-
tion using a thought substitution strategy. Directly comparing
the success of these strategies in different populations may not
only further elucidate the mechanisms underlying methods of
intentional forgetting, but also highlight which strategies are
impaired versus retained, potentially leading to more successful
clinical interventions down the line.
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