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Abstract
Return of fear after exposure poses a significant challenge for treatment of anxiety dis-
orders. In this study, we used computational modeling to test competing mechanisms
underlying spontaneous recovery of fear over time. We fit computational models of a
novel theory of spontaneous recovery—selective maintenance of aversive memories—
to behavior from a fear conditioning and extinction task (N=316), and showed that they
uniquely captured spontaneous recovery and quantitatively outperformed alternative
models embodying theories from the literature. The results were supported across mul-
tiple datasets, including a preregistered replication (N=355) and a sample with mental
health symptoms (N=520). The selective maintenance modeling framework addition-
ally offers mechanistic insights into overgeneralization and the development of anxi-
ety. Indeed, in the symptomatic sample we found that symptoms of generalized anxiety
disorder correlated with estimates of overgeneralization in the model. Through simu-
lations, we further demonstrated that insights from our model can explain how targeted
interventions such as retrieval cues and cognitive interventions can prevent the return
of fear. These results highlight selective maintenance of aversive events in memory as
a critical and testable target for improving anxiety treatments and preventing relapse.

Introduction
Exposure therapy is the most effective therapy for anxiety disorders (Parker, Waller,
Duhne, & Dawson, 2018). During exposure, an individual confronts a feared stimulus
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or situation without experiencing the expected negative outcome. A common assump-
tion is that learning from this experience leads to decreased prediction of the negative
outcome, and thus a reduction of fear. However, fear often returns after some time, and
up to 62% of individuals relapse (Craske & Mystkowski, 2006). To develop clinical
methods that prevent relapse, it is critical that we understand why fear returns.

Exposure has been studied extensively with well established fear conditioning and
extinction paradigms. In such paradigms, in the acquisition phase, a neutral stimulus,
often called a CS+ (for conditional stimulus), is paired with an aversive stimulus (US;
unconditional stimulus), leading to fear responses when confronted with the CS+. In
the subsequent extinction phase, mimicking exposure therapy, the CS+ is presented
without the US. This procedure leads to a reduction in fear of the CS+. Strikingly, after
the passage of time and even without new exposure to the CS+ or US, fear of the CS+
often returns. This phenomenon of ‘spontaneous recovery’ is well established across
species and seems to be time-dependent (Rescorla, 2004; Quirk, 2002; Robbins, 1990;
Haberlandt, Hamsher, & Kennedy, 1978).

Fear can only return if the ‘fear memory’ (i.e., a memory that associates the CS+
and the US) still exists in the brain after the extinction phase. Indeed, theories of return
of fear usually contain the notion that acquisition events and extinction events give
rise to separate associations, and thus to separate memories (Bouton, 1993; Gershman,
Jones, Norman, Monfils, & Niv, 2013; Craske et al., 2008). These two memories are
assumed to compete for retrieval during subsequent presentations of the CS+. At the
end of extinction, the extinction memory is stronger, hence the reduction of apparent
fear. For spontaneous recovery to occur, the acquisition memory must gain strength
over time.

What mechanism drives this change in the fear memory? We propose a novel mech-
anism of spontaneous recovery: selective maintenance of aversive memories, for ex-
ample through conscious or subconscious reactivation of these memories. Selective re-
activation of memories of negative events may help preserve them in the face of general
memory decay and therefore give them a competitive advantage during later retrieval.
This idea builds on robust behavioral evidence that emotionally charged experiences
are preferentially remembered over time (Dalgleish & Hitchcock, 2023; Rouhani, Niv,
Frank, & Schwabe, 2023), as well as neural findings suggesting that memory reactiva-
tion can prevent forgetting (Wimmer, Liu, McNamee, & Dolan, 2023).

The main goal of this study is to identify mechanisms that can drive spontaneous
recovery of fear. Towards this end, we formulated the selective maintenance idea as
a computational model and examined whether the model captures all relevant behav-
ioral features observed in empirical data we collected using a fear conditioning and
extinction paradigm. Our experiment consisted of four phases: acquisition, extinction,
spontaneous recovery test and relearning, with a short break between acquisition and
extinction, and a longer break before the spontaneous recovery test. On each trial, par-
ticipants saw either a CS+ or a CS-, with the CS+ followed by a loud aversive scream
on approximately 50% of trials in the acquisition and relearning phases.

To model the process by which separate memories can be formed for neutral and
aversive events associated with the CS+, we used the latent cause framework (Gershman,
Blei, & Niv, 2010). This normative Bayesian framework proposes that individuals al-
locate observations (i.e., combinations of observed stimuli) to different latent causes
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based on similarity. Latent causes are a formalization of the idea that information
can contribute to learning of different associations or contexts – each latent cause is a
grouping of past observations that gives rise to predictions about what will happen if
that cause is activated again. While the formation of separate memories or associations
for aversive and neutral events is necessary for spontaneous recovery, our modeling
showed that this was not sufficient and another mechanism was required to cause the
aversive or “dangerous” latent cause to gain strength over time. To that end, we added
the process of selective maintenance.

Using the latent cause framework, we modeled different variants of selective main-
tenance, as well as reduced models without selective maintenance and several alterna-
tive theories from the literature including recency weighting (Devenport, 1998), neural
processing fatigue (Pavlov, 1927) and the enhanced salience of aversive events (see
Suppl. Subsec. 2.2 for a discussion of other alternative mechanisms and models). Each
model was fit to the behavioral data from each participant in our empirical datasets. We
then compared the models quantitatively in terms of how well they predict the empiri-
cal data, and in terms of their qualitative ability to generate spontaneous recovery after
extinction.

In our exploration dataset, we found that models incorporating selective mainte-
nance provided the best quantitative and qualitative fit to the data. We replicated this
pattern of results in preregistered analyses of an unseen dataset from the same study,
as well as in data from a separate study with individuals with mental health symptoms.
Based on these results, we hypothesized that selective maintenance may be related
to initial fear learning and the emergence of anxiety symptoms. We therefore tested
for associations between model parameters and anxiety symptoms in both our non-
symptomatic and symptomatic samples. Finally, we used the insights gained from our
model to propose modifications to exposure therapy that target mechanisms driving
spontaneous recovery so as to prevent the return of fear and illustrated the potential
effects of such interventions through simulations.

Results
All participants completed an online-administered version of a fear conditioning task
(Fig. 1). We first report the results from an exploratory dataset (Study 1, in an un-
differentiated population). Subsequently, we report replications of the main results in
a second dataset (preregistered analyses on a replication dataset from Study 1) and a
dataset from a study with individuals with symptoms of depression (Study 2).

Exploratory dataset (Study 1)
Participants in the exploratory dataset (N=316) learned to differentiate between the
CS+ and the CS- during the acquisition phase, and correctly predicted that a scream
was likely to follow the CS+ (Fig. 2A, solid black), but not the CS- (Fig. 2A, dashed
black). In the extinction phase, participants decreased their expectations of the scream
for the CS+, however, there was a marked average increase in expectation of the scream
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Figure 1: Task design. A) The task consisted of 4 phases. On each trial, participants
observed an image of a moon (CS+) or candles (CS-). First, in the acquisition phase,
the CS+ was followed by a loud aversive auditory scream (US) on 8 of 16 trials. The
CS- was never followed by a US. After a short break (completing a questionnaire for
3-5 minutes), in the extinction phase, no stimulus was followed by the US. After a
longer break (completing a different task for 15-20 minutes), a spontaneous recovery
(SR) test phase was conducted without any USs. Immediately afterwards, a relearning
phase began, in which the CS+ was followed by the US on 4 of 10 trials. B) Through-
out the task, every few trials, participants were asked to rate how likely they think each
stimulus would be followed by a scream (expectancy ratings) on a scale from 0-100%.
Occasionally, they were also asked to indicate their emotional response to each stimu-
lus (affective ratings).
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Figure 2: Empirical expectancy ratings and model predictions throughout the
task. Mean expectancy ratings for the CS+ (solid lines) and CS- (dashed lines) during
the four phases of the task (separated by dashed vertical lines; Acq.: acquisition, Ext.:
extinction, Test: spontaneous recovery test and Rel.: relearning). Black curves depict
the empirical data, pink curves depict simulated predictions from the Selective Main-
tenance and Low Salience Model averaged across participants. Shading: 95% boot-
strapped confidence intervals. A) All participants. B) Participants who showed sponta-
neous recovery for CS+ only (spontaneous recovery (SR) group). C) Participants who
showed no spontaneous recovery (No SR group). D) Participants who showed high ex-
pectations for both stimuli during the spontaneous recovery test (Return to start group).
E) Participants who did not differentiate the CS+ from CS- in acquisition (Generalizers
group). F-I) Illustration of the inferred latent causes that gave rise to the prediction in-
dicated by a black arrow in each group in B-E. ‘D’ indicates a ‘dangerous’ latent cause,
‘S’ a ‘safe’ latent cause and ‘?’ the creation of a new latent cause.

for the CS+ in the spontaneous recovery test. Finally, participants quickly relearned
that the CS+ was likely to be followed by a scream in the relearning phase (Fig. 2A).

Visual inspection of a pilot study (not part of this dataset) suggested that partic-
ipants’ behavior fell into four different subgroups. Simulations with computational
models further suggested that the behavior of each subgroup might arise from differ-
ent mechanisms. To be able to test these mechanistic hypotheses quantitatively, we
used the pilot data and simulations to devise a set of criteria to divide participants into
four subgroups based on their behavioral response profile (see Data Categorization in
Methods). We applied these criteria to our exploratory dataset after the data were col-
lected, to categorize participants into the following subgroups: a spontaneous recovery
(‘SR’) group (participants who showed an increase in CS+ but not CS- expectancy rat-
ings in the spontaneous recovery test; Fig. 2B); a ‘No SR’ group (participants who did
not show an increase in expectation of the scream in the spontaneous recovery test;
Fig. 2C); a ‘Return to Start’ group (participants who showed an increase in expecta-
tions of screams for both CS+ and CS- in the spontaneous recovery test; Fig. 2D); and
a ‘Generalizers’ group (participants who did not differentiate between the CS+ and the
CS- at the end of acquisition; Fig. 2E). Note that the Generalizers group showed signs
of extinction and differentiated CS+ and CS- in the relearning phase, suggesting they
were not simply inattentive.

Most participants (all but N=53) fell into the SR (N=175) and No SR (N=88)
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groups. To examine the mechanisms of spontaneous recovery, we therefore focused
our analyses mostly on these two groups. First, we compared the behavior of the SR
and No SR groups by analyzing responses for the CS+ (compared to those for the CS-)
in the different task phases. Wilcoxon rank-sum tests showed that the SR group had
marginally higher expectations of negative outcomes for CS+ in acquisition (Z = 1.96,
p= .05, r = .12; Fig. 3A), a larger increase in expectations of negative outcomes for the
CS+ after the first break between acquisition and extinction (Z = 2.03, p= .04, r = .13;
Fig. 3B), a larger decrease in expectation of negative outcomes for the CS+ during ex-
tinction (Z = 4.93, p< .001, r = .30, Fig. 3C); higher differential SR (see below) in the
spontaneous recovery test (as expected given that this measure closely related to our
categorization criterion; Z = 13.16, p < .001, r = .81; Fig. 3D); and stronger increase
of that expectation in the relearning phase (Z = 4.03, p < .001, r = .25; Fig. 3E). Thus,
the two groups differed significantly during all phases of the task, and not only in the
spontaneous recovery test. Note, however, that the two groups showed no difference
in negative outcome expectations before starting the task for each of CS+ alone, CS-
alone or the difference between them (all p > .28). Medians and interquartile ranges
for the comparisons reported here are listed in Suppl. Tab. 1.

Our main aim was to uncover why fear returns with time. To ensure that our behav-
ioral measure of the amount of return of fear was not confounded by processes such
as less effective extinction, regression to the mean, or overall decay of memories, we
used a measure of “differential SR” throughout our analyses. We computed differential
SR as the expectancy rating for the CS+ at the beginning of the spontaneous recovery
test (rating at the start of the phase, after the break and before seeing any trials) minus
the last expectancy rating for the CS+ in extinction, minus the same metric for the CS-.
Differential SR therefore measures the specific change in expectations of a scream for
the CS+ during the break, above and beyond any change in expectations for the CS-.

We observed a similar pattern of results when we analyzed the affective ratings
using the same approach as for the expectancy ratings (see Suppl. Subsec. 2.1 for
details). Given the correspondence between the two measures, and because we had
more ratings of expectancies, we focused on the latter for all subsequent computational
modeling analyses.

Modeling task behavior to uncover the mechanisms of spontaneous
recovery
To understand why spontaneous recovery might arise, we formulated different mecha-
nistic theories (or hypotheses) as computational models and compared them quantita-
tively (in terms of fit to the empirical data) and qualitatively (in terms of their ability to
generate spontaneous recovery).

We note that a central challenge for participants—both in our task and in daily
life—is that they do not know the true structure of the environment (e.g., the designa-
tion of phases and their boundaries in the task). Instead, they must infer this structure
based on past experiences, in order to make accurate predictions. To account for this
process of structure inference, we used the latent cause inference framework for all
our models. Here, we first describe the building blocks of this framework, and then
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Figure 3: SR and No SR groups show different behavioral features across all task
phases. Plotted are empirical (A-E) and simulated (F-J) expectancy ratings for the
CS+ minus those for the CS- for different metrics. In red are data of individual par-
ticipants from the spontaneous recovery (SR) group and blue from the No SR group.
White dots indicate the median, the ends of the black boxes indicate the first to the third
quartile and the ends of the black lines indicate the minimum and maximum value ex-
cluding outliers. A) Average ratings during the acquisition stage were higher for the
SR group as compared to the No SR group. B) Effect of the first break: the difference
between the first rating in the extinction phase (prior to any extinction trials) and the
last rating in the acquisition phase was higher for the SR group. C) Extent of extinc-
tion: the difference between the first and last rating in extinction (i.e., the extent of
decrease of expectation of the scream during extinction) was larger for the SR group.
D) Differential spontaneous recovery (SR): The difference between the first rating in
the spontaneous recovery test and the last rating in extinction was higher for the SR
group (as expected as this comparison closely relates to the criterion for dividing the
SR and the No SR groups). E) Reacquisition was faster for the SR group, as measured
in the difference between the last rating in the relearning phase and the last rating in
the spontaneous recovery test phase. Note that the first and last rating in each phase
always occurred before any observations and after all observations of that phase, re-
spectively. F-J) The same metrics computed from simulated expectancy ratings using
the Selective Maintenance and Low Salience Model with the best parameter estimates.
*: p < .05, **: p < .01 ***: p < .001.
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outline the additional components we included in each model that we fitted to our data
(increasing the complexity and adding alternative mechanisms as we proceed). For de-
tailed descriptions and formalizations of each model, see Subsec. ‘Generative Models’
in the Methods section.

In latent cause inference (Gershman et al., 2010), on each trial the participant infers
whether the current observation results from an old (previously inferred) latent cause
or a new latent cause. This inference, which is probabilistic (i.e., due to uncertainty
about the structure of the task, a trial can be assigned in part to several latent causes),
is influenced by at least three factors: 1) the strength of old latent causes, formalized
as counts N of how many trials (or fractions of trials) had been inferred to come from
each latent cause in the past (the stronger the latent cause, the more likely it will be
inferred again), 2) the a priori probability of a new latent cause, formalized through a
“concentration parameter” ! (the larger ! the more likely is a new latent cause), and
3) the participant’s belief about the variability of observations that each latent cause
generates, formalized here (for binary observations) as a beta function with one free
parameter aobs. The smaller aobs, the more deterministic (0 or 1) are the probabilities
associating the latent cause with each observation, and therefore a new latent cause is
more likely to be inferred if a previously observed stimulus is omitted, or vice versa
(see Fig. 4A-D for an example).

Inference in this basic latent cause model is not sensitive to time or order of events
(Aldous, Ibragimov, Jacod, & Aldous, 1985), and therefore the model cannot account
for time-dependent phenomena such as spontaneous recovery. To capture the notion
that past events are less relevant for present inferences, we decayed the counts of past
events by ∀ → [0,1] on each trial (Blei & Frazier, 2011). However, simulations show
that this decay is not sufficient to explain spontaneous recovery of fear over time, as it
does not change the relative strength of different latent causes over time. To address
this, we modeled relative strengthening over time of latent causes that predict the US,
perhaps because they are reactivated in memory. We termed this mechanism “selective
maintenance” and formalized it as an increase of the decay parameter ∀ (leading to less
decay) by a selective maintenance parameter # in proportion to the probability that the
latent cause is assumed to lead to an aversive US (Fig. 4E).

Finally, to allow for individual differences in selective maintenance (i.e., some par-
ticipants may reactivate memories throughout the task while others may do so only
during the break), we introduced Clow, a low-salience parameter that decreases the
counts of events with aversive outcomes when they occur (e.g., during acquisition).
During the task, low salience of US events effectively counteracts selective mainte-
nance (which increases the relative strength of latent causes associated with aversive
outcomes). However, low salience has no effect during the break, when the effect of
selective maintenance can fully unfold. Note that this mechanism was not crucial for
explaining spontaneous recovery, but it allowed our model to better capture behavior
from a larger variety of individuals. Thus, our final model had four free parameters:
prior aobs, decay ∀, selective maintenance #, and low salience Clow. We quantitatively
compared this model to four reduced versions of itself to test whether each component
of the model is necessary.

We also evaluated several models that formalized alternative theoretical accounts of
spontaneous recovery from the literature. These included a “Salience Model” that used
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a salience parameter C for the count for each trial with a US (i.e., in this model a trial
with a scream US counts as C trials), to capture the notion that aversive events might
be more strongly encoded. We modeled Devenport’s (1998) proposal that spontaneous
recovery might arise over time due to recency weighting of events in a “Temporal
Weighting Model” with a power-law decay of latent-cause counts. Finally, we formal-
ized Pavlov’s (1927) suggestion that repeated stimulus presentations reduce processing
over time and thus lead to less learning during extinction in a “Processing Loss Model”
where the count of each trial was reduced according to the number of times its CS
had already been observed. Each of these three alternative models had free parameters
governing the processes of interest (see Methods). Overall, this led to eight models,
which we also compared to a “Basic ! Model” with vanilla latent cause inference and
only the concentration parameter as a free parameter. The winning model was reliably
recoverable from simulated data when compared to non-nested alternative models (see
Suppl. Subsec. 2.4.)

Models with selective maintenance captured the data.

We compared the different models by fitting each model to the trial-by-trial data of
each participant and calculating Bayesian Information Criterion (BIC) scores from
the likelihood of the data with the best fit parameters, penalized for the number of
free parameters. Fig. 5A shows median BIC values and model fits for each model.
Signed-rank tests (for non-nested models) and likelihood-ratio tests (for nested mod-
els) significantly favored the Selective Maintenance and Low Salience Model over all
other models using data from the entire exploratory sample (p < 0.001 for all com-
parisons). Specifically, a signed-rank test showed that the Selective Maintenance and
Low Salience Model outperformed the next best non-nested model, the Salience Model
(median (IQR): Selective Maintenance and Low Salience Model = 323.18 (282.06–
387.89), Salience Model = 327.40 (292.44–395.94); W =↑7.3273, p < 0.001), and a
likelihood ratio test showed that it fit the data better than the next best nested model,
the Selective Maintenance Model (∃2(316) = 2157.80, p < .001).

Likelihood ratio tests at the level of individual participants revealed that 133 of 316
participants were better fit by the Selective Maintenance and Low Salience Model com-
pared to the Decay and Low Salience Model. Of those, 92 belonged to the SR group
and 23 to the No SR group - a significantly disproportionate distribution (∃2(1,N =
263) = 16.63, p < .001, Cramér’s V = .25), indicating that the model better captured
behavior in the SR group.

We had specifically hypothesized the Selective Maintenance and Low Salience
Model would explain spontaneous recovery after the long break. To test this, we com-
pared the fit of the 9 models only for participants in the SR group. Paralleling the results
from the complete exploratory dataset, the Selective Maintenance and Low Salience
Model fit the SR group data better than all other models (p < .001, Fig. 5D). Specif-
ically, a signed-rank test showed that the Selective Maintenance and Low Salience
Model fit the data better than the next-best non-nested model, the Temporal Weight-
ing Model (median (IQR): Selective Maintenance and Low Salience Model = 315.85
(281.03–382.40), Temporal Weighting Model = 322.99 (292.78–382.16); W =↑5.75,
p < .001) and a likelihood ratio test showed that this model fit the data better than
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Figure 4: Model illustration. Consider a participant who has already assigned the
moon (CS+) and the scream (US) to latent cause “D” (for dangerous). If they have a
stochastic prior (aobs >= 1; (A)), when observing a moon without a US they will be
more likely to infer this was also generated by D, and update the probability of the
US given that latent cause (now D/S – somewhat dangerous and somewhat safe) as
their prior allows for probabilistic observations of stimuli given a latent cause (B)). In
contrast, if they have a deterministic prior (aobs < 1; (C)), the absence of the US will
likely lead to inference of a new safe (“S”) latent cause that is only associated with
the CS+ (D). The dangerous latent cause will then remain unchanged, despite the safe
experience. In (E) are plotted relative probabilities of safe and dangerous latent causes
at the beginning of the spontaneous recovery test phase, after observation of the moon
(a CS+ trial). Darker shade represents a latent cause that is more likely to be inferred.
Decay (∀) leads to decreased probability of both safe and dangerous latent causes over
time in both the Decay and Selective Maintenance Model. However, in the Selective
Maintenance Model (right), the dangerous latent cause is stronger than the safe latent
cause due to selective maintenance (#) that counteracts the decay of (the memory of)
that latent cause. In the basic model (left bottom), the safe latent cause is more probable
as it was experienced more often.
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Figure 5: Models with selective maintenance captured the data best. A-C) median
BIC scores for all 9 models fit to all participants in the exploratory dataset in study
1 (A), the replication dataset in study 1 (B) and the symptomatic dataset in study 2
(C). Lower BIC scores indicate better model fits. The Selective Maintenance and Low
Salience Model (pink) provided the best fit in all three datasets. D-F) Median BIC of
each model for participants from the spontaneous recovery (SR) group in each dataset.
In all three datasets, the Selective Maintenance and Low Salience Model (pink) pro-
vided the best fit for this subset of participants as well. Error bars indicate the standard
error of the median. * winning model.
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the next-best nested model, the Selective Maintenance Model (∃2(175) = 803.05, p <
.001). In contrast, in the No SR group, the Selective Maintenance and Low Salience
Model did not explain the data better than the Salience Model (median (IQR): Selec-
tive Maintenance and Low Salience Model = 311.45 (274.02–349.79), Salience Model
= 310.56 (280.74–350.31); W =↑0.69, p = .49; data not shown).

We focused the remaining analyses of the exploratory dataset on the Selective
Maintenance and Low Salience Model given that it captured the data best (the Selective
Maintenance Model showed a similar pattern of results).

Parameter comparison between the SR and No SR groups

We formalized three independent hypotheses based on simulations of the Selective
Maintenance Model. First, participants who show spontaneous recovery (SR group)
should have more selective maintenance of aversive events (as this is what leads to
the relative strengthening of the dangerous latent cause during breaks, and therefore to
spontaneous recovery of the prediction of the scream). Second, participants whose pre-
dictions of screams return to start-of-experiment levels after the long break (Return to
Start group) should show a higher rate of decay of events in memory (as this promotes
the creation of new latent causes after the break, with their initial prediction levels).
Third, participants who fail to distinguish between the CS+ and CS- stimuli during
acquisition (Generalizers group) should have more stochastic priors (thus they tend to
infer a single latent cause that accounts for observations of both types of stimuli). Due
to smaller sample sizes in the Return to Start and Generalizers group, we were not nec-
essarily powered to test the second and third hypotheses and treated these analyses as
exploratory.

All parameters of the Selective Maintenance and Low Salience Model were reli-
ably recoverable (r = .75↑ .99, see Suppl. Subsec. 2.5), and Wilcoxon rank-sum tests
supported all three hypotheses. First, estimates of the selective maintenance parameter
# were higher in the SR group than in the No SR group (median (IQR): SR group =
0.49 (0.23–0.73), No SR group = 0.28 (0.01–0.72); Z = 3.19, p = .001, r = .20). This
was even more evident when reparameterizing #↓ = (1↑∀)·#

(1↑∀)·#+∀ , which quantifies the
proportion of memory of counts due to selective maintenance, which we call ‘effective
selective maintenance’ (median (IQR): SR group = 0.04 (0.02–0.06), No SR group =
0.01 (0.00–0.03); Z = 5.32, p < .001, r = .33, Fig. 6A). Thus, we used effective se-
lective maintenance #↓ in later analyses. Second, the Return to Start group had signifi-
cantly lower decay parameter ∀ estimates (indicating faster decay; median (IQR): 0.78
(0.66–0.80)) than the SR (median (IQR): 0.91 (0.88–0.94)) and No SR groups (me-
dian (IQR): 0.94 (0.90–0.97); Z =↑7.04, p < .001, r = .48 and Z =↑6.87, p < .001,
r = .61 respectively; Fig. 6D). Finally, as shown in Fig. 6G, the prior parameter es-
timates confirmed that the Generalizers group had more stochastic priors (higher aobs;
median (IQR): 0.6 (0–5.99)) than each of the SR group (median (IQR): 1.18↔ 10↑7

(3↔ 10↑9–2.1↔ 10↑6); Z = 2.83, p = .005, r = .21) and the No SR group (median
(IQR): 5.21↔10↑7 (0–3.5↔10↑5); Z = 2.74, p = .006, r = .27), and marginally sig-
nificantly more than the Return to Start group (median (IQR): 5.16↔ 10↑5 (0–0.11);
Z = 1.84, p = .07, r = .26). Note, however, that comparisons with the Generaliz-
ers group must be interpreted with great caution due to the small size of that group
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(N = 13).
We found further support for our hypotheses when inspecting the patterns of in-

ferred latent causes for participants in each group. For participants in the SR group,
for the most part, a ‘dangerous’ latent cause strongly associated with the scream US
gained relative strength in the break compared to other, ‘safe’ latent causes (e.g., those
predicting the CS+ but not the US). This accounted for spontaneous recovery of US
expectations in the test phase (illustrated in Fig. 2F). Conversely, for participants in
the No SR group, both ‘safe’ and ‘dangerous’ latent causes decayed over time to same
degree (Fig. 2G; see below for a comparison of the strength of the ‘dangerous’ latent
cause between the SR and No SR groups). Furthermore, latent causes inferred for par-
ticipants in the Return to start group decayed sufficiently over the long break such as
to lead to inference of new latent causes in the spontaneous recovery test (Fig. 2H). Fi-
nally, the model suggested that participants in the Generalizers group mostly inferred
only one latent cause in the acquisition phase, which generated all observed features
throughout the task (Fig. 2I).

Confirmatory analyses

Selective maintenance models captured all behavioral features. As can be seen
in Fig. 7A, only models that included selective maintenance were able to capture all
features of the behavior, in particular, the amount of spontaneous recovery observed
in the data (note that all models were fit to the whole sequence of data, without spe-
cial weighting of the first spontaneous recovery test estimate). Indeed, the Selective
Maintenance and Low Salience Model captured all behavioral features of each of the
different subgroups (Fig. 2A-E; pink curves), as well as the difference in these behav-
ioral features between the SR and No SR group (Fig. 3F-J).

To verify that the model accounted for all the differences in the behavior of the
groups, we analyzed data simulated from the Selective Maintenance and Low Salience
Model using the parameters fit to each of the participants in two groups. When com-
paring data simulated for the SR and No SR groups, Wilcoxon rank-sum tests showed
higher predictions of negative outcomes for the CS+ in acquisition (Z = 3.05, p= .002,
r = 0.19; Fig. 3F), a larger increase in predictions of negative outcome for the CS+
after the first break between acquisition and extinction (Z = 2.46, p = .01, r = .16;
Fig. 3G), a larger decrease of predictions of the negative outcome for the CS+ during
extinction (Z = 4.08, p < .001, r = .25; Fig. 3H), more differential spontaneous recov-
ery (Z = 3.78, p < .001, r = .23; Fig. 3I), and a stronger increase of predictions of the
negative outcome for the CS+ in the relearning phase in the SR group as compared to
the No SR group (Z = 4.86, p < .001, r = .30; Fig. 3J). There were no differences in
the simulated predictions of outcomes for each of the CSs in the first trial of the task,
before observing any outcomes (p > .16 for all comparisons). Thus, the pattern of
results from the simulated data matched the pattern of results from the empirical data.
Medians and interquartile ranges for these comparisons are displayed in Suppl. Tab. 1.

Importantly, no model without selective maintenance captured the significant dif-
ferences in differential spontaneous recovery between the two groups (p > .24 for all
comparisons). Moreover, across participants in both SR and No SR groups, the amount
of empirically measured differential spontaneous recovery correlated positively with
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Figure 6: Parameter comparisons. Parameter estimates from the exploratory dataset
in study 1 are shown in the top row (A, D, G), from the replication dataset in study 1
in the middle row (B,E,H) and from study 2 in the bottom row (C,F,I).A-C) Median
estimates of effective selective maintenance #↓. D-F) Median parameter estimates of
decay ∀. G-I) Median parameter estimates of the prior over observations aobs. Esti-
mates from the spontaneous recovery (SR) group are displayed in red, from the No SR
group in blue, from Return to Start group in green and from the Generalizers group
in purple. White horizontal lines indicate the group median, colored dots indicate es-
timates from individual participants, the ends of the black (dark shaded) box indicate
the first to the third quartile and the ends of the black line indicate the minimum and
maximum value excluding outliers. *: p < .05, **: p < .01 ***: p < .001.
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Figure 7: Models with selective maintenance captured all aspects of the empiri-
cal data. Model predictions of the scream for the moon (CS+, solid lines) and the
candles (CS-, dashed lines), simulated using each participant’s best-fit parameters for
the exploratory dataset (A), the replication dataset (B), and the symptomatic dataset
(C). Black: empirical data averaged over all participants. Vertical dashed lines indicate
the end of a phase in the task. Only the two models with selective maintenance (light
green and pink) quantitatively captured spontaneous recovery at the beginning of the
test phase (black arrows; see also Figure 2 for a clearer depiction of the pink model).
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Figure 8: Selective maintenance as a mechanism of spontaneous recovery. The
amount of differential spontaneous recovery (SR) in the empirical data correlated with
the amount of differential SR in data simulated with the Selective Maintenance and
Low Salience Model (A) and the estimated effective amount of selective maintenance
(#↓) (B) for participants in the SR and No SR groups. *** p < .001

differential spontaneous recovery in data simulated using the Selective Maintenance
and Low Salience Model (r = .20, p < .001, Fig. 8A) and with estimates of effective
selective maintenance #↓ (r = .22, p < .001, Fig. 8B). Furthermore, the empirical dif-
ferential spontaneous recovery did not correlate with differential spontaneous recovery
in data simulated using models that did not include selective maintenance (p > .14 for
all correlations).

Spontaneous recovery was driven by the return of the dangerous latent cause.
We hypothesized that spontaneous recovery occurs because the strength of the dan-
gerous latent cause becomes higher than that of the safe latent cause associated with
the CS+ during the break before the spontaneous recovery test. To examine this, we
computed the change in relative strength of each of the two latent causes between the
end of extinction and the beginning of the spontaneous recovery test and computed the
difference in that change between the two latent causes (dangerous latent cause minus
safe CS+ latent cause). Supporting our hypothesis, the difference in change in strength
between the two latent causes was larger in the SR group (median (IQR): 0.30 (0.04–
0.64)) than the No SR group (median (IQR): 0.01 (-0.01–0.21); Z = 6.40, p < .001,
r = .40; Fig. 9A). In line with the assumption that this effect is driven by selective
maintenance, effective selective maintenance estimates (#↓) correlated with the differ-
ence in change in strength between the two latent causes across participants in the SR
and No SR groups (r = .50, p < .001; Fig. 9B). Furthermore, in line with the assump-
tion that these latent cause changes drive spontaneous recovery, this metric of latent
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Figure 9: The strength of the “dangerous” latent cause overpowers other latent
causes, resulting in spontaneous recovery. The relative strength of each latent cause
was calculated as the probability of that latent cause being active when observing the
CS+ stimulus (before any outcome observation). We computed the change in strength
between the end of extinction and the beginning of the spontaneous recovery test for
the latent cause that was associated with the CS+ and the US (“dangerous” latent cause)
and for the latent cause that was associated only with the CS+ (“safe CS+ latent cause”).
A) The change in strength of the “dangerous” latent cause minus the change in strength
of the “safe” latent cause was larger in the SR group (red) than the No SR group (blue).
B) The differential change in strength of the latent causes across both SR and No SR
groups correlated with effective selective maintenance estimates #↓. (C) It also corre-
lated with the empirical differential spontaneous recovery (i.e. change in CS+ ratings
minus change in CS- ratings over the same period of time), across both SR and No SR
groups. *** p < .001.

cause change also correlated with empirical differential spontaneous recovery (r = .44,
p < .001; Fig. 9C).

Results were not driven by differences in response styles. To verify that the dif-
ferences in ratings between the SR and No SR groups were not driven by differences
in participants’ response style or usage of the expectancy rating scale, we compared
the means and variances of participants’ ratings of several probability questions and
vignettes. Wilcoxon rank-sum tests did not indicate differences between the groups on
any of these measures (p > .35 for all comparisons).

Preregistered replication – Study 1
To ensure that our results were robust and we did not overfit our models to our spe-
cific dataset, we preregistered a replication of the main results in an unseen repli-
cation dataset (N=355) also collected as part of study 1 (preregistration available at
https://doi.org/10.17605/OSF.IO/UCZNF). Specifically, we preregistered the hy-
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pothesis that selective maintenance of aversive memories best explains spontaneous
recovery of fear after extinction.

We found a similar distribution of participants into subgroups in the replication
dataset with N=172 participants in the SR group, N=110 in the No SR group, N=56
in the Return to start group and N=11 in the Generalizers group. To test our main
hypothesis, we conducted two preregistered statistical tests. First, we fit all nine models
to the replication dataset. In the SR group, we found that the Selective Maintenance and
Low Salience Model explained the data better than the Selective Maintenance model
(∃2(172) = 493.37, p < .001), and better than all other models (Fig. 5E). Specifically,
the Selective Maintenance and Low Salience Model explained the SR group data better
than the next best nested model (i.e., the Decay Model; ∃2(344) = 2023.5, p < .001)
and the next best non-nested model (i.e., the Salience Model; median (IQR): Selective
Maintenance and Low Salience Model = 306.51 (279.59–346.87), Salience Model =
315.58 (293.26–352.80), W = ↑7.24, p < .001, r = .46). The same pattern of results
was seen for the whole replication dataset (Fig. 5B) and the model also captured the
whole dataset well (Fig. 7B). Second, we found that the effective amount of selective
maintenance was larger in the SR than the No SR group (median (IQR): SR group =
0.04 (0.02 – 0.06), No SR group = 0.02 (0.00 – 0.04); Z = 5.99, p < .001, r = .36;
Fig. 6B). Thus, both tests confirmed our preregistered hypothesis.

Additional exploratory analyses also replicated our previous results, showing that
the Return to Start group (median (IQR): 0.73 (0.55–0.81)) showed more decay than
the SR (median (IQR): 0.91 (0.88–0.94)) and No SR groups (median (IQR): 0.94
(0.90–0.98); Z = ↑7.71, p < .001, r = .51, and Z = ↑8.54, p < .001, r = .66, re-
spectively; Fig. 6E) and that participants in the Generalizers group were best fit with
a more stochastic prior (i.e., a greater prior parameter; median (IQR): 0.80 (0.07–
2.25)) than participants in all other groups (SR group: median (IQR): 2.34↔10↑7 (5↔
10↑10 – 4.42↔ 10↑6)); Z = 4.15, p < .001, r = .31, No SR group: median (IQR):
3.22↔ 10↑7 (0 – 1↔ 10↑5)); Z = 3.96, p < .001, r = .3602, Return to Start group:
median (IQR): 2.13↔10↑4 (0 – 0.2408); Z = 2.43, p < .02, r = .30; Fig. 6H).

Replication of winning model in a symptomatic sample in Study 2
We also applied the analyses from our preregistered replication to a dataset from a
symptomatic sample (N = 520, comprised mainly of participants with symptoms of
depression, i.e., PHQ9 score > 4). In this sample, N = 209 were categorized into the SR
group, N = 123 into the No SR group, N = 144 into the Return to Start group and N =
18 into the Generalizers group. Similar to the pattern of results in both the exploration
and replication datasets in Study 1, the Selective Maintenance and Low Salience Model
explained the SR group data better than the Selective Maintenance Model (∃2(209) =
500.75, p < .001) and better than all other models (Fig. 5F). Specifically, it explained
the data better than the next best nested model (i.e. the Decay Model; ∃2(418) = 33,
p < .001) and the next best non-nested model (i.e. the Salience Model; median (IQR):
Selective Maintenance and Low Salience Model = 349.59 (305.58–442.33), Salience
Model = 353.40 (316.09–437.62); W = ↑5.99, p < .001, r = .41). The Selective
Maintenance and Low Salienace Model also explained the whole dataset from Study 2
better than the other 8 models (Fig. 5C) and captured the data from all participants well
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(Fig. 7C). Finally, the effect of selective maintenance was again larger in the SR group
as compared to the No SR group (median (IQR): SR group = 0.05 (0.03–0.09), No SR
group = 0.04 (0.00–0.11); Z = 2.61, p = .009, r = .14, Fig. 6C)). Exploratory analyses
in Study 2 also replicated our previous results, showing more decay of memories (lower
decay parameter) in the Return to Start group (median (IQR): 0.69 (0.34–0.80)) as
compared to the SR (median (IQR): 0.89 (0.85–0.93)) and No SR groups (median
(IQR): 0.92 (0.88–0.96); Z = ↑10.44, p < .001, r = .56, and Z = ↑9.22, p < .001,
r = .56, respectively, Fig. 6F), and confirming that participants in the Generalizers
group were fit as having a more stochastic prior (i.e., larger prior parameter; median
(IQR): 0.54 (0–9.99)) than those in the SR (median (IQR): 1.65 ↔ 10↑7 (0.0003 ↔
10↑5–0.36↔10↑5)) and No SR groups (median (IQR): 4.58↔10↑7 (0 – 1.183↔10↑4);
Z = 3.35, p < .001, r = 0.22, and Z = 2.40, p < .001, r = .20, respectively; Fig. 6I)).

Associations between symptoms of anxiety and model parameters
Anxiety disorders are highly prevalent. While effective treatments such as exposure
therapy exist, symptoms often return even after successful therapy, and anxiety relapses
(Craske, Hermans, & Vansteenwegen, 2006). Our model can, at least in principle, ex-
plain why and when different anxiety disorders will develop and return. If the mecha-
nisms quantified by our model are causally involved in the development, maintenance,
and return of anxiety symptoms, and assuming we can measure these mechanisms with
sufficient precision through our task and model parameters, these parameters should be
able to predict the course of anxiety in individuals. A randomized controlled study
design is needed to fully test such hypotheses. Here, as a first pass, we examined
whether these mechanisms are associated with self-reported symptoms of anxiety. Our
exploratory analysis was guided by two hypotheses: first, stochastic priors over ob-
servations (high aobs) can lead to a spread of fear to many stimuli, and therefore this
parameter may be associated with symptoms of generalized anxiety disorder (GAD).
Since we had self-reported GAD symptoms in all our datasets, for these analyses we
included all participants from each dataset. Second, selective maintenance of aversive
events might strengthen the memory or imagination of aversive events and thus drive
the development and maintenance of specific anxiety disorders (such as phobias). As
selective maintenance could only be reliably estimated in the SR and No SR groups, we
only included these subgroups when examining the association between the effective
amount of selective maintenance and symptoms of specific anxiety disorders.

Study 1: Symptoms were not associated with model parameters in the general
population

The only significant correlation between model parameters and anxiety symptoms in
the general population (we tested associations of the prior over observations aobs with
GAD symptoms and the effective amount of selective maintenance #↓ with symptoms
of social anxiety disorder, animal phobia, agoraphobia, situational phobia and trau-
matic reactions) was a correlation between the effective amount of selective mainte-
nance and traumatic reactions (which measure symptoms of post-traumatic stress dis-
order; r = .10, p = .03, N = 499). However, this correlation did not survive False
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Discovery Rate (FDR) correction for multiple comparisons.

Study 2: Symptoms of generalized anxiety disorder were associated with stochas-
tic priors in a symptomatic sample

Estimates of the prior over observations (aobs) correlated significantly with symptoms
of generalized anxiety (as measured by GAD-7 scores) in the symptomatic sample
(r = .15, p< .001). This effect survived FDR correction for multiple comparisons. The
prior parameter was also significantly associated with GAD-7 scores in a linear regres-
sion model (F(518) = 11.6, p < .001, adjusted R2 = 0.02, prior: b = 0.22, SE = 0.07,
p < .001). This pattern of results remained when controlling for all other parameter
estimates and the empirically estimated response noise (%) in a linear regression model,
and when controlling for age, self-reported sex and cognitive ability in the linear re-
gression. In the latter model, being younger and being male were also associated with
higher GAD-7 scores (F(511) = 13.1, p < .001, adjusted R2 = 0.09; age: b =↑0.09,
SE = 0.02, p < .001; sex: b =↑1.49, SE = 0.51, p = .004).

Discussion
Anxiety disorders are widespread, with the most effective treatment being exposure
therapy (Parker et al., 2018). Unfortunately, even after successful treatment, symptoms
often return over time (Craske & Mystkowski, 2006). In the lab, this phenomenon is
seen in spontaneous recovery of fear after extinction training (Rescorla, 2004). Here,
we developed and tested a suite of computational models to understand why fear re-
turns with time, and to quantify individual differences that can differentiate those who
go on to show spontaneous recovery of fear from those who do not. By fitting different
computational models to a large dataset, we showed that spontaneous recovery requires
a process that strengthens aversive memories over time – leading us to propose selec-
tive maintenance of aversive (from here “dangerous”) latent causes as a mechanism
for spontaneous recovery. Models that included such selective maintenance provided
the best quantitative fit to three datasets, and were the only models that qualitatively
captured the differential spontaneous recovery seen in our behavioral fear condition-
ing task. Other proposed mechanisms, such as temporal weighting (Devenport, 1998),
increased salience of aversive events, or loss of processing of stimuli with repeated
exposure (Pavlov, 1927), could not capture differential spontaneous recovery in our
dataset. There were significant individual differences in our empirical data, with some
participants showing spontaneous recovery of fear, and some showing other patterns of
responses. In additional analyses, we showed that the Selective Maintenance and Low
Salience Model—the model that best explained participants who showed spontaneous
recovery—could also account for the behavior of the other subgroups of participants,
including participants who did not show spontaneous recovery of expectations of the
scream US over time, participants who generalized across CS+ and CS- stimuli during
acquisition, and participants who over time went back to predicting a scream US for
both CS+ and CS- as they did at the start of the task. We replicated these results across
our exploratory dataset, our preregistered replication in a dataset from the general pop-
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ulation, and a dataset from a separate study focusing on participants with symptoms
of depression. Supporting our suggestion that the mechanisms identified by our model
are relevant for anxiety disorder, we showed that a model parameter quantifying the
degree to which participants tend to generalize across the CS+ and CS- in our task cor-
related with symptoms of generalized anxiety disorder in the latter dataset. As we will
illustrate below, the model makes a set of predictions on how we can improve exposure
interventions to prevent the return of fear.

Generalization of our results to affective ratings

A major goal of our research is to understand how we can improve psychological inter-
ventions such that an individual feels better according to their own subjective experi-
ence and report. In our experiment, we elicited both explicit expectation of the scream
US (which were analyzed in the results presented here), as well as affective ratings for
each of the CSs. Importantly, we saw a similar pattern of responses for affective ratings
as we did for expectancy across all four groups. This included not only spontaneous
recovery after extinction, but also significant differences in affective ratings between
the SR and No SR groups throughout the phases of the task (Suppl. Fig. 2), similar
to what we found for expectancies (Fig. 3). As such, we believe our findings are not
limited to explicitly elicited expectancies, but also to emotional processes such as fear.
However, the degree to which this pattern of results also generalizes to physiological
measures remains to be investigated.

Improving interventions using model-driven mechanistic insight

Considering that extinction and spontaneous recovery are models of exposure ther-
apy and relapse in anxiety disorders, we propose that the mechanistic insight gained
from modeling such behavior can be used to improve interventions of exposure ther-
apy. Specifically, the model suggests that intervening in any of its building blocks—
deterministic priors, memory decay, or selective maintenance of aversive memories—
could help prevent spontaneous recovery.

Two interventions proposed in the literature have already been empirically shown
to reduce the amount of return of fear. These are: spreading extinction trials (exposure
sessions) over longer time intervals (Laborda, McConnell, & Miller, 2011) or tagging
the ‘safe’ (exposure) memory with a retrieval cue such as a wristband that clients can
then wear and use as cue to recall that memory (Craske, Treanor, Conway, Zbozinek,
& Vervliet, 2014). Our model can explain why these interventions work. Specifically,
it suggests that these interventions strengthen the safe memory and thus counteract
selective maintenance of ‘dangerous’ memories. While the model predicts these inter-
ventions prevent dangerous memories from spontaneously resurfacing over time, the
‘dangerous’ memory may still resurface if it is triggered directly.

The model’s predictions also give rise to two novel interventions to eliminate the
effect of selective maintenance altogether (and thus prevent relapse). First, cognitive
restructuring focusing on reducing “black-and-white thinking” prior to exposure ther-
apy may change deterministic beliefs (i.e., increase !obs) and help prevent inference
of a new latent cause during exposure therapy (Smith et al., 2021). Second, selective
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maintenance of aversive memories might result from negative self schemas (Dalgleish
& Hitchcock, 2023), which may bias sampling from memories towards aversive events.
Schema therapy (Young, Klosko, & Weishaar, 2006) offers a host of interventions to re-
duce negative self-schemas, including cognitive, emotional and behavioral techniques.
Addressing negative self-schemas prior to (or even after) exposure might also prevent
later return of fear.

To test our prediction that interfering with any of the mechanisms involved in spon-
taneous recovery (possibly through the above mentioned interventions) can causally
reduce spontaneous recovery, we manipulated the influence of each mechanism in turn
by changing parameter values in line with how we hypothesize they would be changed
by the proposed interventions, and simulated new data to examine whether spontaneous
recovery would in fact be reduced. Fig. 10 shows such simulations for one example par-
ticipant from our exploratory dataset, demonstrating that spontaneous recovery could
be prevented by all four interventions.

We would like to note that we outline here a set of hypotheses on how interventions
may be improved, which can serve to inform new empirical studies. However, empir-
ical support of several of these ideas is still lacking and we do not recommend their
implementation during treatment prior to rigorous testing (but see Craske, Treanor,
Zbozinek, and Vervliet (2022) for an overview on how to improve exposure therapy).

Extension to other return-of-fear phenomena

Two other return-of-fear phenomena are often observed after fear conditioning and ex-
tinction. These include the return of fear when returning to the acquisition context
(if acquisition and extinction occurred in different contexts) or when switching to a
completely new context (‘renewal’), and after re-exposure to the US alone (‘reinstate-
ment’). Our selective maintenance model expands previous theories put forward to
account for these phenomena.

Renewal refers to the return of fear after context switches due to (observable) cues
(e.g., background color or location; for temporal contexts see the Suppl. Subsub-
sec. 2.2.2). Usually, one context is used in acquisition (context A), one in extinction
(context B) and finally participants’ fear levels are tested in context A, B, or C. Context
theories (Bouton, 1993, 2004) explain the general pattern of higher fear in context A,
no return of fear in context B and a weighted average amount of fear in context C.
However, fear responses in context C that exceed the weighted average of fear shown
in contexts A and B, for which there is evidence in animals, but not in humans (see
meta-analyses by Wang et al., 2024; Effting et al., 2007), are difficult to explain us-
ing context theory alone. To explain this, context theories suggest that only extinction
is context-dependent as it occurs later in training, and therefore a new context gener-
alizes more strongly to the non-context-specific fear acquisition phase. However, in
daily life situations, it is most likely that people were first exposed to the stimuli they
later learned to fear without negative outcomes (otherwise, if the feared stimuli were
so rarely encountered, they would not cause debilitating anxiety and exposure ther-
apy would not be necessary). As such, fear acquisition would also be a later learning
phenomenon that would be tied to a context, therefore generalization to a new context
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Figure 10: Simulated intervention effects. A) Empirical data (black) of a single par-
ticipant who showed spontaneous recovery (SR) and simulation (pink) of the Selective
Maintenance and Low Salience Model using the best-fit parameters for this partici-
pant. B) Latent causes inferred by the model at each prediction of the US after seeing
the CS+. This inference gives rise to the prediction in the pink solid line in A. In acqui-
sition, latent cause 1 (LC1) was associated with the CS-, LC2 with the CS+ and LC3
with the CS+ and the US. Lighter gray indicates a higher probability that the latent
cause is active on each prediction trial. LC3, whose probablility was reduced through
extinction, becomes more likely between the end of extinction and the spontaneous
recovery test due to selective maintenance. C) We simulated the effect of cognitive
restructuring by increasing aobs (setting it to 3.5) to decrease “black-and-white think-
ing” before exposure (extinction). D) We simulated spaced exposure by moving some
extinction trials from the second half of extinction into the break phase. E) The ef-
fect of schema therapy before exposure (extinction), simulated by setting the selective
maintenance parameter to 0. F) We simulated a retrieval cue after exposure (extinction)
by adding selective maintenance to LC2 and LC1 (‘safe’ latent causes) such that decay
rates for all latent causes were ∀+(1↑∀)↗#, previously applied only to aversive mem-
ories. In all plots, dashed vertical lines indicate the last prediction of a phase. Solid
lines: CS+ predictions. dashed lines: CS- predictions. Black symbols indicate when
the intervention was applied. In all cases, the manipulation decreased spontaneous
recovery.

would not necessarily overemphasize this stage. In contrast, selective maintenance of
aversive events can explain renewal independent of whether preexposure to the CSs
without the USs occurred or not, as selective maintenance would enhance the relative
strength of aversive memories from context A because they are aversive.

Reinstatement refers to the return of fear after the occurrence of an unpaired US.
One explanation is that reinstatement occurs because the US observation leads to the
inference of the CS-US latent cause, in line with predictions of our model. However,

23



the process of selective maintenance suggests an additional pathway. Negative expe-
riences (e.g., with the US) may trigger or enhance selective maintenance, for instance
through reactivation of other negative memories or the activation of negative core be-
liefs that bias sampling from memories. Thus, for some individuals, selective mainte-
nance may only be active (or may be especially active) during periods of stress/negative
affect such as are triggered by experiencing negative events. This could help explain
why relapse rates tend to be higher during stressful times.

Mechanistic insights from the model explain phenomena of anxiety

Overgeneralization in anxiety. A commonly observed phenomenon in individuals
with anxiety disorders is overgeneralization (Cooper et al., 2022), i.e., generalization
of learned expectations from a few negative experiences to many (new) situations and
contexts. Based on our computational framework, we propose that there are at least
two possibly distinct types of overgeneralization. The first type involves a failure to
distinguish between stimuli. This resembles the behavior observed in the Generalizers
group, resulting from the inference of mainly a single latent cause that accounts for
different observations. In a previous experiment in which we tested generalization of
US predictions to (previously unseen) stimuli spanning the perceptual range between
the CS+ and the CS- (Aitsahalia, 2022), we indeed showed that the behavior of par-
ticipants from the Generalizers group in the generalization test closely resembles the
pattern of ‘overgeneralization’ proposed by Cooper et al. (2022).

Inferring a single latent cause for distinct stimuli could lead to fear of many situ-
ations and stimuli also associated with that same latent cause. (In principle, this type
of overgeneralization does not need to be biased to negative experience, but could be
in case of increased salience of aversive events.) Interestingly, behavior resulting from
the inference of a single latent cause (due to stochastic priors in the Generalizers group)
aligns with the main criterion of generalized anxiety disorder according to the DSM-5:
“Excessive anxiety and worry (apprehensive expectation), occurring more days than
not for at least 6 months, about a number of events or activities” (emphasis ours).
In line with the model’s prediction that stochastic priors can drive generalized anxiety
symptoms, in our symptomatic sample we found that participants who were fit with
more stochastic priors tended to have more symptoms of generalized anxiety disorder.

We note that for people showing this type of generalization, extinction is expected
to occur slowly but should eventually be successful. Although this extinction is likely
to be resistant to the return of fear, its gradual pace may be misinterpreted as a lack
of response to exposure therapy, thereby resulting in its premature termination. Our
model predicts that exposure therapy will show its effects faster when latent causes
are more distinctly separated. Thus, to facilitate separation, interventions can promote
attention to differences between stimuli or situations, such as is done in interpersonal
discrimination exercises (McCullough, Schramm, & Penberthy, 2014).

A second alternative type of overgeneralization that is specific to negative events
can simply result from selective maintenance of such events. Selective maintenance
would make the latent causes (memories) that involve aversive events stronger with
time, such that they carry more weight when an individual is confronted with an even
remotely similar situation. That is, due to the strength of the latent cause, it will be a
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priori likely to be inferred in many different situations.

The development of anxiety. In line with suggestions in the literature (e.g., Gagne,
Dayan, & Bishop, 2018), selective maintenance of aversive experiences in memory can
explain the development of anxiety disorders (including post traumatic stress disorder)
after an exceptionally aversive event due to increased reactivation of the memory of
the aversive (“dangerous”) event. With time, the aversive memory overshadows “safe”
memories of similar situations without aversive outcomes, even if the safe events had
occurred more frequently than the dangerous event. Avoidance behavior further facil-
itates the memory imbalance in favor of the “dangerous” memory, as it prevents new
non-aversive experiences that would strengthen the “safe” memory. As such, a vicious
cycle of reactivation and avoidance can lead to the development of an anxiety disorder
or post-traumatic stress disorder. This prediction aligns with our exploratory finding
that symptoms of traumatic reactions were correlated with larger estimates of the effect
of selective maintenance in our undifferentiated sample (note, however, that this result
did not survive correction for multiple comparisons and thus needs to be interpreted
with caution and further tested, ideally with a more symptomatic sample).

Intolerance of uncertainty in anxiety. Difficulties in tolerating uncertainty have re-
cently been proposed as a theory of anxiety. Brown, Price, and Dombrovski (2023)
reviewed a series of studies suggesting that deficits in dealing with uncertainty are
more prevalent in anxiety than are exaggerated fear of aversive events. This aligns with
the effect of selective maintenance of aversive memories, which can provide a causal
explanation for how aberrant behavior in the face of uncertainty comes about in in-
dividuals with anxiety. The idea is that uncertainty about the occurrence of aversive
outcomes will have led to forming both a “safe” and a “dangerous” latent cause. Selec-
tive maintenance then increases the relative strength of the “dangerous” latent cause,
leading to higher estimates of aversive outcomes in such situations, similar to the over-
estimation of the probability of a scream in acquisition that we saw in the SR group.
In contrast, in situations with certain aversive outcomes, selective maintenance would
have no effect and would not predict different behavior for individuals with anxiety.

Limitations and potential extensions of our study

Alternative models. The potential model space and combination of mechanisms is,
of course, endless. For clarity and comprehensibility, we reported here a set of models
that represent either key distinct hypotheses from the literature or our own hypothe-
ses that we considered biologically and psychologically plausible. In the Suppl. Sub-
sec. 2.2, we provide an overview of further alternative modeling frameworks (reinforce-
ment learning), theories (temporal context and response fatigue) and other versions of
our own models and describe why they fail to account for our data. These alternative
models were either unable to generate differential spontaneous recovery or they did
not capture the empirical data better than the Selective Maintenance and Low Salience
Model. Nevertheless, we cannot exclude that other formalizations or interpretations of
these or other alternative mechanisms can account for spontaneous recovery of fear.
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For example, our current formalization and data cannot differentiate between selec-
tive maintenance of aversive events and faster decay rates of inhibitory associations as
proposed by Paskewitz, Stoddard, and Jones (2022). Indeed, it is likely that different
mechanisms are at play in different individuals and that the observed behavior results
from a combination of mechanisms.

We note that our conclusions are also limited by the (relatively) small amount of
data we had in two aspects: First, we had few data points (ratings) per participant and
used only one data type (expectancy ratings). Because we used principles of parsimony
that seek to identify the simplest model that explains the data (i.e., we penalized models
for their free parameters; Wilson & Collins, 2019), we may have missed more complex
processes (e.g., additional temporal organizations of context) that would only become
visible when additional data, for instance from direct measurements of memory, are
also assessed. Second, we had only one trial per participant to measure spontaneous
recovery. This not only makes it challenging to estimate spontaneous recovery reliably,
but also poses a challenge for model comparison because the single trial can only pro-
vide limited support for models that specifically capture spontaneous recovery. In this
respect, the fact that models with selective maintenance won when penalized for extra
parameters shows that this process was important not only for spontaneous recovery,
but rather had signatures throughout the learning process.

Improving measurement accuracy. While our findings were robust and replicated
across datasets, most effect sizes were small to medium. Additionally, model fits at the
individual level revealed that our model did not fully capture the extent of spontaneous
recovery in all participants. This may be due to different mechanisms underlying spon-
taneous recovery across individuals, as previously discussed. Alternatively, the vari-
ability could result from noise in the data or limitations in the fitting procedure, which
may not always recover optimal parameter estimates given the stochastic nature of the
model. Increasing the number of trials and applying hierarchical modeling approaches
could improve the robustness of parameter estimation, thereby enhancing the precision
of measuring these mechanisms in individuals.

Alternative task design. While our pre-registered replication and additional repli-
cation in a symptomatic sample give confidence that our model was not overfit to a
specific dataset, it could nevertheless be too specific to our task design and thus not
generalize to other versions of this paradigm. For instance, the amount of spontaneous
recovery could be triggered by the specific sequence of reinforced and non-reinforced
trials, which was identical across participants. Reassuringly, we previously observed
similar patterns of behavior in other versions of the task with different numbers and
sequences of trials in acquisition and extinction, as well as with longer intervals during
the break (e.g. testing the following day; dataset not shown). One main result from
these different variants of the task is that longer breaks increased the number of partic-
ipants in the Return to Start group, who tend to rate expectations of the scream at 50%
for both the CS+ and the CS- in the spontaneous recovery test. This is in line with our
model’s prediction that over time, memory decay can override selective maintenance,
especially in a task such as ours, where aversive memories are stronger than neutral
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ones but not overwhelmingly dominant. Formally, our model accounted for this phe-
nomenon in the data from the Return to Start group either through the formation of
new latent causes for the CS+ and the CS- in the spontaneous recovery test, or through
a return of the “dangerous” latent cause for the CS+ and the formation of a new latent
cause for the CS-. Data from the present paradigm cannot tease these different latent
cause inferences apart, which is why we excluded data from the Return to Start group
from analyses on selective maintenance.

Conclusion

We propose selective maintenance of aversive memories as a key mechanism under-
lying spontaneous recovery of fear after extinction. Models incorporating this process
explained the behavioral data across multiple datasets, outperforming alternative the-
ories. These models also provided mechanistic insights into overgeneralization and
the development of anxiety. These insights were empirically supported by correlations
between parameter estimates quantifying the proposed mechanisms and symptoms of
anxiety.

These results may have clinical implications: targeting mechanisms supporting se-
lective maintenance, for example through cognitive interventions or spaced extinction,
may help reduce the risk of relapse after successful treatment. While further research is
needed to test these clinical predictions and the model’s neural basis, selective mainte-
nance of aversive memories offers a unified, testable account of the development, per-
sistence and return of anxiety, and how the influence of selective maintenance might
be effectively modified.

Data availability
We will make all raw and modeled task data from participants included in the analyses
in this manuscript available in a data repository upon publication of this manuscript.
Mental health symptom data will not be made available publicly due to concerns that
full anonymization of such data may be impossible given our current stage of knowl-
edge (and future algorithms). More broadly, we are concerned about potential misuse
of such data to disadvantage people with mental health symptoms. We will make these
data available to researchers upon request within two weeks after contacting the cor-
responding author if they provide a convincing plan to use the data in a way that does
not endanger individuals suffering from mental health symptoms and can ensure that
the data will be kept secure. We will make all data available to editors and reviewers
during the review process.

Code availability
We will make all code of our computational modeling pipeline and all code related to
our main hypotheses available as a git repository upon publication of the manuscript
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and to editors and reviewers during the review process. Specifically, we already de-
posited the code for data preparation, computational modeling and statistical analyses
of our main and preregistered hypothesis to a git repository.
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Method
Procedure and participants – Study 1
This study was approved by the Institutional Review Board of Princeton University
(Protocol 11968), and all participants provided written informed consent. Participants
were recruited from Prolific to complete a series of studies including online behavioral
tasks and mental health questionnaires in spring 2023. All participants were compen-
sated for their time at a rate of $13/hr. To qualify for the study, participants had to
reside in the United States, Canada, Australia, or New Zealand, be fluent in English,
and have headphones. We first report the analyses of the first half of that dataset with
N = 376 participants, which were labeled an ‘exploration dataset.’ (Later, we will re-
port replication of our findings in the second half of the dataset.) From the exploration
dataset, 23 participants were excluded due to incomplete datasets and 37 participants
were excluded due to failing more than two audio attention checks. The final dataset
contained N = 316 participants.

Behavioral Task
We designed an online-administered aversive conditioning and extinction task (Fig. 1).
On each trial, participants saw a face-down card that then “flipped over” to reveal one
of two stimuli: a moon with three stars (CS+) or three candles (CS-). Participants then
had to press the space bar to reveal the trial’s outcome, described in the instructions as
“the sound associated with that stimulus”. On some CS+ trials, this was an aversive but
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tolerable auditory scream (US; see below), and for all other trials there was no outcome.
The task was completely Pavlovian; key pressing allowed reaction-time measurements
and ensured continued attention to CSs, but did not otherwise affect the occurrence of
the US.

The sequence of a trial was as follows: a card appeared face-down for 500 ms and
then flipped over (this animation lasted 100 ms). An event listener was then activated
and the participant had 6000 ms to press the space bar before the trial timed out. If the
participant failed to respond in time, a warning message was displayed for 3000 ms,
after which the trial was repeated. If the space bar was pressed and the stimulus had
an associated sound, a delay of between 300-800 ms occurred before the audio was
played. This jitter was randomly generated on each trial and was introduced to prevent
participants from precisely anticipating the timing of the outcome. After the space bar
was pressed, the card flipped back over and flew off the screen to indicate the end of
the trial (this animation lasted 500 ms, regardless of whether a sound was played). We
used three aversive audio clips across trials. They were edited to be of similar volume
and duration (2000 ms).

Every three trials, on average, participants were asked to rate how likely they ex-
pected each of the two CSs would be followed by a scream on a scale of 0-100% using
two horizontal slider bars. The sliders were initialized in a random location and each
had to be moved to continue to the next trial. Participants completed 31 ratings for each
CS. Within these, two sets of ratings that followed previous ratings without new trials
or significant passage of time since the previous rating were excluded from analyses,
leaving 29 ratings per CS per participant. One rating was always completed before each
phase. In addition, about every 8-10 trials, participants rated their feeling when view-
ing each of the stimuli on a horizontal slider bar ranging from calm to alert (“affective
ratings” hereafter).

The task consisted of 4 phases. In the acquisition phase (26 trials), 50% of 16
CS+ trials were followed by a US (total: 8 screams), and the CS- appeared on 12
trials. This phase was followed by a 3-5 minute break in which participants completed
a filler questionnaire of no interest (the 20-item short form International Personality
Item Pool-Five-Factor Model measure; Donnellan, Oswald, Baird, & Lucas, 2006).
The extinction phase included 30 trials, 18 CS+, 12 CS-, with no US. Next, participants
completed a separate task (a risky decision making task in which they made choices
between a sure 5-point reward and a stimulus with an unknown but learnable chance of
giving 10 points or 0 points; not analyzed here) for ↘15 minutes. This was followed
by a spontaneous recovery test (16 trials, 8 each of CS+ and CS-; no US), and then a
relearning phase (10 CS+ with 4 USs; 6 CS-). All participants saw the same sequence
of CSs and USs and were asked to provide ratings between the same trials (see Suppl.
Sub. 1.1 for the order of trials and other technical details). As participants were tested
online and from remotely, to ensure they heard the US loudly enough and did not reduce
the volume throughout the task, participants completed a set of volume calibration
steps and six auditory attention checks were spread throughout the task (see Suppl.
Subsec. 1.1). Including the two breaks, the task took approximately 50 min.
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Self-report measures
Anxiety questionnaires

In a separate online session, participants completed the GAD-7 questionnaire (Spitzer,
Kroenke, Williams, & Löwe, 2006; Löwe et al., 2008), several subscales of the HiTOP
questionnaire (Watson et al., 2022), and other symptom self-report questionnaires not
analyzed here. We analyze here data from the social anxiety subscale (15 items), the
agoraphobia subscale (6 items), animal phobia (6 items), situational phobia (6 items),
traumatic reactions subscale (8 items). See Suppl. Subsec. 1.2 for a list of items for
each subscale. These items were selected based on the recommendations of the HiTOP
consortium based on preliminary testing (Watson et al., 2022) and to maximize content
overlap with several standard social anxiety scales (Mattick & Clarke, 1998; Heimberg
et al., 1999). Participants were invited to complete the HiTOP questions up to several
weeks after completing the task. However, we note that participants were instructed to
indicate for each statement “Have there been significant times during the last 12 months
in which the following statements applied to you?” which also covered the period of
completing the task.

Response style assessments

To verify that behavioral differences in the task were not driven by different usage
of the expectancy rating scale (i.e., differences in people’s response style), we added
two types of response style measures. First, we created five anchoring vignettes, in
which we described the number of neutral and aversive stimuli observed by another
person and asked participants to indicate how that person should rate the expectancy of
negative outcomes (Hopkins & King, 2010). Second, we asked participants to rate the
likelihood of four events such as “How likely is it that the sun will rise tomorrow?”. The
scenarios were chosen such that no expert knowledge was required or would influence
the rating, and such that ratings would represent participants’ responding across the
range of probabilities. One goal was to test whether some participants did not use
the whole scale even for expectations of “never” or “always”. For both measures,
we computed the mean and variance of each participant’s ratings. All questions are
available in Suppl. Subsec. 1.4.

Data categorization
In our pilot data, we observed that most participants showed distinct patterns of behav-
ioral features that suggested they could be categorized into different groups. In parallel,
simulations with our model prior to fitting it to any data also indicated that these be-
havioral features can arise from different mechanistic functions. To provide statistical
evidence for the hypotheses emerging from simulations, we therefore decided on the
below criteria to separate individuals into four subgroups a priori and included the
same criteria in our preregistration of the replication dataset.

Specifically, we categorized participants into four subgroups: N = 13 participants
who showed similar expectations for the CS+ and CS- at the end of acquisition (< 10
points difference on a scale from 0 to 100%) were categorized into the ‘Generalizers’
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group. The remaining participants were then categorized into groups based on their
behavior on the spontaneous recovery test, in particular, their first rating of expectation
of a scream for both the CS+ and the CS-, which occurred immediately at the begin-
ning of the spontaneous recovery test phase before any other exposure to the stimuli or
screams or audio instructions. N = 175 participants who increased their expectation of
the US by more than 10 points compared to the end of extinction for the CS+ but not
for the CS- were categorized into the ‘spontaneous recovery’ (‘SR’) group—a group
that includes participants who show differential spontaneous recovery, i.e., an increase
in their CS+ rating without a substantial increase in their CS- rating in the spontaneous
recovery test. N = 88 participants whose expectations for both stimuli increased by at
most 10 points were categorized into the ‘No SR’ group (we used a change in expec-
tation of 10 points as a cutoff for distinguishing between No SR and SR to account
for random response noise), and N = 37 participants whose expectations increased by
more than 10 points for both stimuli were categorized into the ‘Return to Start’ group.
N = 3 participants who did not meet any of these criteria were not included in subgroup
analyses.

Model-agnostic analyses
Most of our analyses focused on the SR and No SR groups, as differences between
these groups were of main interest to understand the mechanism of spontaneous recov-
ery, and these were also the largest groups, which allowed us to identify robust group
differences. First, in a set of model-agnostic analyses, we tested whether the SR and
No SR groups showed different behavioral features throughout the task (beyond the
differences in the SR test phase, by which these groups were defined) by comparing 1)
their a priori expectations of negative outcomes for the CS+ and CS- (i.e., their first
expectancy ratings); 2) their acquisition learning, measured as the mean differential
ratings for the CS+ minus CS- in the remaining ratings from the acquisition phase; 3)
the effect of the first (short) break, by comparing the change in expectancy ratings for
the CS+ minus CS- in the first rating after the break minus the last rating before the
break; 4) the extent to which expectations of the US decreased during the extinction
phase in each group, measured as the difference between the first and last ratings for
the CS+ minus the CS- in the extinction phase; 5) their differential spontaneous recov-
ery, by comparing the change in CS+ minus CS- ratings between the end of extinction
and the beginning of the spontaneous recovery test; and 6) their rate of reacquisiton, by
comparing the change in CS+ minus CS- ratings from the last rating of the spontaneous
recovery test phase to the last rating of the relearning phase.

We repeated these analyses for the affective ratings with the exception of the effect
of the first short break as we did not measure affective ratings immediately after that
break. For a similar reason, we also used the affective rating after acquisition rather
than the first rating of extinction to measure the effect of extinction (number 4 above).

Generative models
Next, we formalized learning of the latent structure of the task using Bayesian non-
parametric models of latent cause inference (Gershman et al., 2015; Gershman & Blei,
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2012). In the latent cause framework, observations (here, trials) are attributed to one
of an unlimited number of latent causes Lt → [1, ..., j], each with its own unique set
of parameters & j = {∋ j,i} that determine probabilities of observing each of i → [1 : 4]
features. We set i=1 to indicate the CS-, i=2 the CS+, i=3 a ‘break stimulus’ (to model
the time between acquisition and extinction and between extinction and spontaneous
recovery test) and i=4 to indicate the US. Thus, in our models, each latent cause em-
bodies a different association—different probabilities of observing the CSs and US.

Prior over latent causes

An infinite-capacity prior over latent causes can flexibly add new causes when they
are necessary to explain dissimilar observations. We use a Chinese Restaurant Process
(CRP) prior (Aldous et al., 1985) that expects latent cause Lt+1 on trial t + 1 to be a
previously encountered or a new latent cause with probabilities as follows:

p(Lt+1 = j|L1:t) =






Nj,t
(t

m=1Nm,t+! if j is an old latent cause
!

(t
m=1Nm,t+! if j is a new latent cause

where Nj,t is the number of observations generated by latent cause number j up to trial
t (see more below) and !≃ 0 is a parameter that influences the probability of new latent
causes. (Note that there is some non-zero probability of a new latent cause on every
trial, hence the number of previous latent causes on trial t +1 is t. Also, while in some
models (t

m=1Nm,t = t, this is not the case in all our models below, hence we spell out
the sum explicitly in the denominator.)

Prior over observations

Conditional on latent cause j having been drawn for trial t + 1, the generative model
assumes that observations Ot+1 are generated by independent Bernoulli processes with
probability ∋ j,i for each feature i generated by latent cause j, p(Oi,t+1|Lt+1 = j) =
∋ j,i(t +1). When a new latent cause j is initialized, initial probabilities ∋ j,i are drawn
from Beta priors with two parameters aobs > 0 and bobs > 0. Given that pilot data from
the task showed that absent any data, participants’ prior expections of a US before the
start of the experiment are ↘ 50%, we assumed symmetric Beta priors (aobs = bobs)
whose mean is always 50%. Values of aobs > 1 imply initial ∋ j,i that are unimodal
around 0.5, with higher aobs being more stochastic (that is, more tightly concentrated
around ∋ j,i = 0.5; Fig. 4A), while smaller aobs result in bimodal ∋ j,i that are more
deterministic (i.e., closer to 0 or 1; Fig. 4C). After every observation, ∋ j,i(t) are updated
according to observed events weighted by the probability that the events were generated
by latent cause j (see eq. 9 below).

Models

The basic model. Here, Nj,t is the number of trials caused by latent cause j up to
the trial t. Since there is a nonzero probability that each of the previous latent causes
has generated the current trial, in practice Nj,t sums the posterior probability of latent
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cause j in each trial: Nj,t = (t ↓⇐tP(Lt ↓ = j|O1:t), where O1:t are the observations up
to trial t. We fit two versions of this model, a “Basic Concentration Model” with ! as
the single free parameter and aobs = 1 (i.e., a flat prior over observations given a latent
cause), and a “Basic Prior Model” with aobs as the single free parameter and ! = 0.03.
The former model has been used previously to model fear acquisition and extinction
in a similar paradigm, but not spontaneous recovery (Gershman & Hartley, 2015). The
latter setting with aobs as the free parameter was also used in all the models below
(for a detailed explanation of the choice to use the prior rather than the concentration
parameter as a free parameter, see Suppl. Subsubsec. 2.3.1).

Decay Model. To account for decay of memory over time, following Blei and Frazier
(2011), we modified the basic model to decay the counts Nj,t with a rate determined
by 0 ⇐ ∀ ⇐ 1 as follows: Nj,t = (t ↓⇐tP(Lt ↓ = j|O1:t)∀(t↑t ↓). This model reduces to the
basic model when ∀ = 1.

Selective Maintenance Model. Inspired by evidence that humans remember nega-
tive events better (e.g., Rouhani et al., 2023), in this model we hypothesized that latent
causes associated with aversive stimuli (here, the scream US) are protected from decay,
perhaps due to memory reactivation (Wimmer et al., 2023). We modeled this by reduc-
ing the decay rate (i.e., increasing the effective ∀ towards 1) according to a parameter
0 ⇐ # ⇐ 1, scaled by the estimated probability of the scream US (O4) given the latent
cause:

Nj,t = (t ↓⇐tP(Lt ↓ = j|O1:t) ·
t

)
k=t ↓+1

d j,k (1)

d j,k = ∀+(1↑ ∀) ·# · p(O4 = 1|Lk = j). (2)
Here, p(O4 = 1|Lk = j) is given by ∋ j,4, which is updated on each trial (see the likeli-
hood computation below, eq. 9). This model reduces to the Decay Model when # = 0.

Salience Model. Emotionally charged stimuli experienced during an event may change
the salience of the event, for example, they may capture more attention (see Dolcos et
al., 2020, for a review), potentially enhancing memory for the event. To account for
this salience effect, we implemented a model that counts trials with an aversive US as
C ≃ 0 rather than 1 in the counts Nj,t :

Nj,t = (t ↓⇐tP(Lt ↓ = j|O1:t) · ((1↑O4,t ↓)+O4,t ↓ ·C). (3)

Note that O4,t is 1 on trials with a US, and 0 otherwise. This model reduces to the basic
model for C = 1, and ascribes extra salience to trials with aversive events when C > 1,
but also allows for lower salience for these trials for 0 ⇐ C < 1 (we will make use of
this case specifically in the two models below).

Selective Maintenance and Low Salience Model. In this model, we combined the
selective maintenance and salience models, restricting C ⇐ 1 (labeled Clow hereafter):

Nj,t = (t ↓⇐tP(Lt ↓ = j|O1:t) · ((1↑O4,t ↓)+O4,t ↓ ·Clow) ·
t

)
k=t ↓+1

d j,k. (4)
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d j,k = ∀+(1↑ ∀)# · p(O4 = 1|Lk = j). (5)

In contrast to the selective maintenance model above, in which selective maintenance
of “dangerous” latent causes occurs throughout the learning phases and breaks, this
model can also capture behavior resulting from selective maintenance occurring only
during breaks, because the Clow parameter can reduce the amount of updating for trials
with aversive outcomes. In this way, low salience can counteract the effect of selec-
tive maintenance during the learning phases. However, Clow has no impact during
breaks, where the effect of selective maintenance can fully unfold. Note that we used
Clow rather than C to ensure good parameter recoverability, however in our exploration
dataset we found similar patterns of results when relaxing this restriction. See Suppl.
Subsubsec. 2.3.2 for a detailed discussion of that choice.

Decay and Low Salience Model. To compare the above model to a reduced version
without selective maintenance, here we combined the Decay and Salience Model, but
also restricted C ⇐ 1 (i.e., using Clow).

Nj,t = (t ↓⇐tP(Lt ↓ = j|O1:t) · ((1↑O4,t ↓)+O4,t ↓ ·Clow) · ∀(t↑t ↓). (6)

Temporal Weighting Model. To compare our hypothesis to the temporal weighting
rule suggested to account for spontaneous recovery (Devenport, 1998), we modeled
power law decay of counts with a rate determined by ∗ ≃ 0:

Nj,t = (t ↓⇐tP(Lt ↓ = j|O1:t) ·
1

(t +1↑ t ↓)∗ (7)

This model reduces to the basic model for ∗ = 0.

Processing Loss Model. To model the idea that repeated exposure to a stimulus may
reduce its processing due to habituation or neural fatigue (Pavlov, 1927), in this model,
for each CS, we added observations to the count Nj,t according to a decreasing logistic
function of how often that CS had been observed so far:

Nj,t = (t ↓⇐tP(Lt ↓ = j|O1:t) · (d1,t ↓O1,t ↓ +d2,t ↓O2,t ↓) (8)

where di,t =
1

1+e
↑+(,+(t↓⇐t Oi,t↓ )

and + ⇐ 0 and , ≃ 0. Note that on each trial, O1 or O2

are observed and take the value 1, while the other takes the value 0 (whereas in breaks
both are 0). This model reduces to the standard model as , ⇒ −.

Likelihood of observations

For all models, we assumed that the Bernoulli likelihoods are updated after every trial
by summing the occurrences of features of all previous trials weighted by the probabil-
ity of the latent cause (with aobs as the prior “occurrence”) and normalizing:

∋ j,i(t) =
aobs +.t ↓⇐t Oi,t ↓ ·P(Lt ↓ = j|O1:t ↓)

2aobs +.t ↓⇐t P(Lt ↓ = j|O1:t ↓)
. (9)
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Inference simulations

For each model, to infer a distribution over latent causes given observations, we approx-
imated Bayesian latent cause inference using particle filtering (sequential importance
resampling of 1000 particles; Speekenbrink, 2016). Each time participants were asked
to make an expectation rating, the algorithm first inferred the posterior probability over
possible partitions of trials into latent causes based on all previous observations plus a
current observation of either the CS+ or the CS- and used this inference to generate a
prediction of the probability of the US:

p(O4,t = 1|O1:3,1:t ,O4,1:t↑1,/,M) = (p(O4,t = 1|L1:t) · p(L1:t |O1:3,1:t ,O4,1:t↑1,/,M)
(10)

where the sum was over all possible latent cause assignments approximated by averag-
ing across the 1000 particles. This probability was used to compute the likelihoods of
the participant’s rating. No updating occured based on these inferences.

After observing all stimuli in a trial (CSs and USs), the posterior distribution over
latent causes was calculated taking all previous observations into account. This was
then used to update the observation probabilities for each latent cause ∋ j,i. Through-
out, the model observed the same stimuli as the participants. To simulate breaks, we
presented the model with a dummy stimulus O3, simulating a short break between ac-
quisition and extinction as 9 trials of O3 and the long break between extinction and
the spontaneous recovery test phase as 34 trials of O3. These numbers of trials were
chosen as the approximate number of task trials that would have occurred in the breaks
in the experiment, as per the average time it took participants to complete the task trials
and the break activities.

Model fitting
We fit the free parameters of each of the models above (Table 1) to the behavioral
data of each participant separately. As these nonparametric models are analytically
intractable, we used a simulation-based approach to generate predictions of the occur-
rence of the US (the scream) and estimated parameters by maximizing the likelihood of
the participant’s ratings assuming the response error was normally distributed around
the model prediction. We computed the standard deviation % of this normal distribution
empirically for each individual as

% =
√
(

2

.
i=1

n

.
j=1

(gi, j ↑ p(O4, j = 1|Oi))
2/(n↑1)) (11)

where n is the number of rating data points (with gi, j being the actual rating (guess)
number j for stimulus i between 0-100 divided by 100) and p(O4, j = 1|Oi) was cal-
culated according to equation 10 for each stimulus Oi for i → {1,2} and each rating
timepoint j.

We computed the likelihood of each individual expectancy rating gi, j at timepoint
t (that is, after trial t ↑1) for stimulus i → {1,2} as

p(gi, j|O1:3,1:t ,O4,1:t↑1,/,M) = 0.01 · 1⇑
20%2

e↑
(gi, j↑p(O4,t=1|O1:3,1:t ,O4,1:t↑1 ,/,M))2

2%2 . (12)
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Because participants could not register an expectation below 0 or above 100, we added
the probability density for ratings below 0 and above 1 to expectancy ratings of 0 and
1, respectively. Alternative formulations of the response function, such as assuming
the response error was distributed according to a beta distribution or fixing or fitting %,
led to very similar fits and the same overall pattern of results.

We used the Bayesian Adaptive Direct Search (BADS; Acerbi & Ma, 2017) algo-
rithm for parameter search, with 24 restarts for each participant and model. To con-
strain the search space for the BADS algorithm, we used hard and plausible parameter
bounds as specified in Table 1. Importantly, the model-fitting algorithm only received
participants’ expectation ratings, and no other information about the participant (such
as their subgroup categorization).

Table 1: Model parameters and bounds for the fitting algorithm.

Model Free parameters / Hard bounds Plausible bounds
Basic ! Model ! [0,10] [1e-6,1]
Basic Prior Model aobs [1e-10,10] [1e-6,5]
Decay Model aobs [1e-10,10] [1e-6,5]

∀ [0,1] [0.5,1]
Selective Maintenance Model aobs [1e-10,10] [1e-6,5]

∀ [0,1] [0.5,1]
# [0,1] [0,1]

Salience Model aobs [1e-10,10] [1e-6,5]
C [0,10] [0.7,2]

Selective Maintenance aobs [1e-10,10] [1e-6,5]
& Low Salience Model ∀ [0,1] [0.5,1]

# [0,1] [0,1]
C [0,1] [0.7,1]

Decay & Low Salience Model aobs [1e-10,10] [1e-6,5]
∀ [0,1] [0.5,1]
C [0,1] [0.7,1]

Processing Loss Model aobs [1e-10,10] [1e-6,5]
+ [-10,-1e-10] [-10, -1e-10]
, [0,100] [0 100]

Temporal Weighting Model aobs [1e-10,10] [1e-6,5]
∗ [0,10] [1e-6,5]

Model comparison

To identify the winning model, we compared median BICs between non-nested models
and used likelihood ratio tests for nested models. We used nonparametric significance
tests as the data were not normally distributed and reported rank-biserial correlation r
as effect size for these tests. Importantly, no information about the subgroup catego-
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rization was known by the model fitting algorithm.

Statistical analyses

As parameter estimates and data ratings were bounded, they could not follow a nor-
mal distribution. Hence, we used non-parametric significance tests for comparisons
between subgroups. For all these tests, we report rank-biserial correlation r as effect
size.

Confirmatory analyses

We repeated the model-free analyses of the expectancy ratings (described above) on
the simulated data from the winning model. We added response noise to the simulated
data by replacing each simulated data point with a data point drawn from a normal
distribution with the data point as µ and the empirically computed %. Ratings below 0
and above 1 were assigned to be 0 or 1, respectively.

Preregistered replication
We preregistered the analyses for the second half of the dataset from study 1 to examine
whether we can replicate the key results in an unobserved dataset. The detailed analyses
plan was preregistered on OSF and can be found here:

https://doi.org/10.17605/OSF.IO/UCZNF.
Note that the preregistered study procedures and model fitting approach were iden-

tical to the Methods described above. Minor deviations from the analyses plan are
listed in Suppl. Subsec. 1.5.

Participants

N = 438 participants were included in the replication dataset. After preregistering
and accessing the dataset, we excluded 29 participants due to incomplete datasets and
54 participants who failed more than 2 audio attention checks. The final replication
dataset contained N = 355 participants. N = 172 fulfilled the criteria for the SR group,
N = 110 for the No SR group, N = 56 for the Return to Start group and N = 11 for the
Generalizers group.

Hypothesis and statistical approach for replication

The goal of this replication was to test whether we can confirm our result that selective
maintenance is the mechanism that best explains differential spontaneous recovery.
To confirm this result, we required passing two tests: 1) The best model containing
selective maintenance had to fit the data of the SR group better than the alternative
models that did not contain selective maintenance specified in the pre-registration as
per signed-rank tests for non-nested models and likelihood ratio tests for nested models;
2) The effect of selective maintenance on retention of latent cause counts, measured as
#↓ = (1↑∀)·#

(1↑∀)·#+∀ , had to be significantly larger in the SR group as compared to the No
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SR group. Before applying these tests, we performed the same model fitting procedure
and group assignments as detailed above and in the pre-registered analysis plan.

Replication in separate sample - Study 2
Participants and procedure

Participants were recruited to take part in an online study of a self-help tool for symp-
toms of depression/low mood and lack of energy. The study was approved by the
Institutional Review Board of Princeton University (Protocol 15118). The goal of that
separate study (clinical trial NCT06631183 on clinicaltrials.gov) was to identify pre-
dictors of improvement of depression symptoms given different types of self-help in-
terventions (cognitive or behavioral). Participants were recruited via ResearchMatch
(https://www.researchmatch.org/), social media platforms, and other methods. If they
successfully passed a screener for inclusion and exclusion criteria, they were randomly
assigned to a training or a test dataset with a ratio of 2:1. As part of a baseline as-
sessment, they then completed questionnaires (including the GAD-7) and a set of be-
havioral tasks (including the task described in this paper). Subsequently, they engaged
with a self-help tool for 5 weeks with additional symptom assessments throughout and
after the time of the engagement. Similar to Study 1 in the general population, par-
ticipants were not included in the analyses if they failed questionnaire or behavioral
attention checks or attempted the task twice. We also excluded participants who were
invited to participate in a brief zoom identity check but did not sign up or failed the
identity check. See Suppl. Subsec. 1.3 for details on recruitment methods, inclusion
and exclusion criteria and study design.

We had datasets from N = 832 participants who passed the attention checks outside
of this task. We excluded N = 65 participants without complete datasets and N =
247 participants who failed audio attention checks within this task. Thus, the final
symptomatic dataset contained N = 520 participants. Of those, N = 209 belonged to
the SR group, N = 123 to the No SR group, N = 144 to the Return to Start group and
N = 18 to the Generalizers group.

Assessments and statistical approach – Study 2

Follow-up data for the clinical trial are still being collected and the main analyses
of the training dataset of the self-help study are still ongoing. Here, we report only
on the baseline data of the fear conditioning task described above from the training
dataset (N = 520) and not on the clinical intervention. The fear conditioning task was
identical to the task in Study 1 with the exception that one more expectancy rating
was placed at the end of extinction. We applied the same models described above to
this symptomatic sample. We also analyzed the GAD-7 score of participants, the only
anxiety measure included in that study. We used age, self-reported sex and cognitive
ability (measured through a Matrix reasoning task; Zorowitz, Chierchia, Blakemore, &
Daw, 2024; Chierchia et al., 2019) as control variables of no interest.
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Associating symptoms of anxiety with parameter estimates
Datasets

As previous work has shown small associations between parameter estimates and symp-
toms in the general population (if these are found at all, e.g., Pike & Robinson, 2022),
we combined the data from the exploratory and the preregistered replication dataset
from Study 1 to increase statistical power for these analyses. However, we analyzed
the data from the symptomatic sample in Study 2 separately given its size and the dif-
ferent distribution of symptom scores in that sample.

Missing data

In the complete dataset from Study 1 (N = 671), two participants had missing GAD-7
scores and 54 participants had missing HiTOP anxiety scores, of which N = 46 were
in the SR or No SR group. This was due to the fact that these data were collected
in a follow-up study a few weeks after the main task data were collected and not all
participants returned to complete the follow-up. Participants for whom we did not have
anxiety scores were excluded from corresponding analyses. In the dataset from Study
2 (N = 520), 4 participants had missing age, sex or cognitive ability scores and were
excluded from analyses that controlled for these variables.

Statistical approach

First, we correlated symptom scores with parameter estimates. Given that we exam-
ined 7 correlations across the two datasets, we applied FDR correction to control for
multiple comparison. For correlations that remained significant, we ran additional lin-
ear regressions with anxiety score as independent variable and the parameter estimate
of interest, as well as parameters of no interest and covariates of age, self-reported sex
and general cognitive ability as dependent variables.
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Löwe, B., Decker, O., Müller, S., Brähler, E., Schellberg, D., Herzog, W., & Herzberg,
P. Y. (2008). Validation and standardization of the generalized anxiety disorder
screener (gad-7) in the general population. Medical care, 46(3), 266–274.

Mattick, R. P., & Clarke, J. C. (1998). Development and validation of measures of
social phobia scrutiny fear and social interaction anxiety. Behaviour research and
therapy, 36(4), 455–470.

McCullough, J. P., Schramm, E., & Penberthy, J. K. (2014). Cbasp as a distinctive
treatment for persistent depressive disorder: Distinctive features. Routledge.

Parker, Z. J., Waller, G., Duhne, P. G. S., & Dawson, J. (2018). The role of exposure in
treatment of anxiety disorders: A meta-analysis. International Journal of Psychology
& Psychological Therapy, 18(1), 111–141. (Place: Spain Publisher: Asociación de
Análisis del Comportamiento)

41



Paskewitz, S., Stoddard, J., & Jones, M. (2022). Explaining the return of fear with
revised rescorla-wagner models. Computational Psychiatry, 6(1).

Pavlov, I. (1927). Conditioned reflexes (Vol. 430). London: Oxford University Press.
Pike, A. C., & Robinson, O. J. (2022, April). Reinforcement Learning in Patients

With Mood and Anxiety Disorders vs Control Individuals: A Systematic Review
and Meta-analysis. JAMA Psychiatry, 79(4), 313. Retrieved 2023-02-16, from
https://jamanetwork.com/journals/jamapsychiatry/fullarticle/2789693

doi: 10.1001/jamapsychiatry.2022.0051
Pisupati, S., Berwian, I. M., Chiu, J., Ren, Y., & Niv, Y. (2023, 22–25 Aug). Human in-

ductive biases for aversive continual learning — a hierarchical bayesian nonparamet-
ric model. In S. Chandar, R. Pascanu, H. Sedghi, & D. Precup (Eds.), Proceedings
of the 2nd conference on lifelong learning agents (Vol. 232, pp. 337–346). PMLR.

Quirk, G. J. (2002). Memory for extinction of conditioned fear is long-lasting and
persists following spontaneous recovery. Learning & Memory (Cold Spring Harbor,
N.Y.), 9(6), 402–407. doi: 10.1101/lm.49602

Rescorla, R. A. (2004). Spontaneous recovery. Learning & Memory (Cold Spring
Harbor, N.Y.), 11(5), 501–509. doi: 10.1101/lm.77504

Rescorla, R. A., & Wagner, A. R. (1972, January). A theory of Pavlovian conditioning:
Variations in the effectiveness of reinforcement and nonreinforcement. In Classical
Conditioning II: Current Research and Theory (Vol. Vol. 2). (Journal Abbreviation:
Classical Conditioning II: Current Research and Theory)

Robbins, S. J. (1990). Mechanisms underlying spontaneous recovery in autoshaping.
Journal of Experimental Psychology: Animal Behavior Processes, 16(3), 235.

Rouhani, N., Niv, Y., Frank, M. J., & Schwabe, L. (2023, September). Multiple routes
to enhanced memory for emotionally relevant events. Trends in Cognitive Sciences,
27(9), 867–882. doi: 10.1016/j.tics.2023.06.006

Smith, R., Moutoussis, M., & Bilek, E. (2021, May). Simulating the computational
mechanisms of cognitive and behavioral psychotherapeutic interventions: insights
from active inference. Scientific Reports, 11(1), 10128. doi: 10.1038/s41598-021-
89047-0

Speekenbrink, M. (2016). A tutorial on particle filters. Journal of Mathematical
Psychology, 73, 140–152.

Spitzer, R. L., Kroenke, K., Williams, J. B., & Löwe, B. (2006). A brief measure
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