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Decision letter and referee reports: first round

6th Mar 23
Dear Mr Yu,

Thank you for your patience during the peer-review process.

We're very sorry for the much delayed decision on your manuscript, which came about as a
result of the holiday period in December 2022 (which delayed reviewer assignment) and
subsequent reviewer unavailability.

Your manuscript titled "Multiple pathways to widespread fears: Disentangling idiosyncratic
fear generalization mechanisms using computational modeling" has now been seen by 3
reviewers, and | include their comments at the end of this message. They find your work of
interest, but raised some important points. We are interested in the possibility of publishing
your study in Communications Psychology, but would like to consider your responses to
these concerns and assess a revised manuscript before we make a final decision on
publication.

We therefore invite you to revise and resubmit your manuscript, along with a point-by-point
response to the reviewers. Please highlight all changes in the manuscript text file.

Editorially, we consider the following issues key:

- The reviewers, especially Reviewer #1 highlight instances in which the results do not
unambiguously support your interpretation. You must demonstrate clearly how the
conclusions arise from this pattern of results. Any remaining caveats must be discussed
transparently in the Discussion section under the subheading "Limitations".

- The reviewers are concerned about some analysis choices; in revision, we expect you to
provide a compelling rationale for your analysis decisions in response to each individual
point, and where necessary demonstrate that alternative analyses do not alter the results.
- Reviewer #2 notes deviations from the preregistration. Please revise the manuscript to
address this issue as per our guidelines
(https://www.nature.com/commspsychol/submit/preregistration):"We ask that authors
indicate at the time of submission if any of the work reported in their manuscript was
preregistered. If there was no preregistration of any study, this must be declared in the
Methods section for transparency. Conversely, if any of the reported studies was
preregistered, authors must provide an active link to the preregistration in the Methods
section and state the date of preregistration. Authors must disclose all deviations from the
preregistered protocol and explain the rationale for deviation (e.g., flaw, feasibility,
suboptimality). In cases of deviation from the preregistered analysis plan for reasons other
than fundamental flaw or feasibility, the originally planned analyses must also be reported."
- Finally, we ask you to improve the presentation of the model in the manuscript to address
relevant reviewer concerns, and ensure that the model code as openly available online is
sufficiently well documented and can be accessed without barriers (please see our code
sharing guidelines below).

We are committed to providing a fair and constructive peer-review process. Please don't
hesitate to contact us if you wish to discuss the revision in more detail.



Please use the following link to submit your revised manuscript, point-by-point response to
the referees’ comments (which should be in a separate document to any cover letter) and
the completed checklist:

[link redacted]

** This url links to your confidential home page and associated information about
manuscripts you may have submitted or be reviewing for us. If you wish to forward this email
to co-authors, please delete the link to your homepage first **

We hope to receive your revised paper within 8 weeks; please let us know if you aren’t able
to submit it within this time so that we can discuss how best to proceed. If we don’t hear
from you, and the revision process takes significantly longer, we may close your file. In this
event, we will still be happy to reconsider your paper at a later date, provided it still presents
a significant contribution to the literature at that stage.

We understand that due to the current global situation, the time required for revision may be
longer than usual. We would appreciate it if you could keep us informed about an estimated
timescale for resubmission, to facilitate our planning. Of course, if you are unable to
estimate, we are happy to accommodate necessary extensions nevertheless.

Please do not hesitate to contact me if you have any questions or would like to discuss these
revisions further. We look forward to seeing the revised manuscript and thank you for the
opportunity to review your work.

Best regards,

Xiaoging Hu

Xiaoging Hu, PhD

Editorial Board Member
Communications Psychology
orcid.org/0000-0001-8112-9700

EDITORIAL POLICIES AND FORMATTING

We ask that you ensure your manuscript complies with our editorial policies. Please ensure
that the following formatting requirements are met, and any checklist relevant to your
research is completed and uploaded as a Related Manuscript file type with the revised article.

Editorial Policy: <a href="https://www.nature.com/documents/nr-editorial-policy-
checklist.pdf">Policy requirements </a> (Download the link to your computer as a PDF.)

Furthermore, please align your manuscript with our format requirements, which are
summarized on the following checklist:

<a href="https://www.nature.com/documents/commsj-psychol-style-formatting-checklist-
article.pdf">Communications Psychology formatting checklist</a>



and also in our style and formatting guide <a
href="https://www.nature.com/documents/commsj-psychol-style-formatting-guide-
accept.pdf">Communications Psychology formatting guide</a> .

* TRANSPARENT PEER REVIEW: Communications Psychology uses a transparent peer review
system. This means that we publish the editorial decision letters including Reviewers'
comments to the authors and the author rebuttal letters online as a supplementary peer
review file. However, on author request, confidential information and data can be removed
from the published reviewer reports and rebuttal letters prior to publication. If your
manuscript has been previously reviewed at another journal, those Reviewers' comments
would not form part of the published peer review file.

* CODE AVAILABILITY: All Communications Psychology manuscripts must include a section
titled "Code Availability" at the end of the methods section. In the event of publication, we
require that the custom analysis code supporting your conclusions is made available in a
publicly accessible repository; at publication, we ask you to choose a repository that provides
a DOI for the code; the link to the repository and the DOI will need to be included in the Code
Availability statement. Publication as Supplementary Information will not suffice. We ask you
to prepare code at this stage, to avoid delays later on in the process.

* DATA AVAILABILITY:

All Communications Psychology manuscripts must include a section titled "Data Availability"
at the end of the Methods section or main text (if no Methods). More information on this
policy, is available at <a href="http://www.nature.com/authors/policies/data/data-
availability-statements-data-
citations.pdf">http://www.nature.com/authors/policies/data/data-availability-statements-
data-citations.pdf</a>.

At a minimum the Data availability statement must explain how the data can be obtained and
whether there are any restrictions on data sharing. Communications Psychology strongly
endorses open sharing of data. If you do make your data openly available, please include in
the statement:

- Unigue identifiers (such as DOIs and hyperlinks for datasets in public repositories)

- Accession codes where appropriate

- If applicable, a statement regarding data available with restrictions

- If a dataset has a Digital Object Identifier (DOI) as its unique identifier, we strongly
encourage including this in the Reference list and citing the dataset in the Data Availability
Statement.

We recommend submitting the data to discipline-specific, community-recognized
repositories, where possible and a list of recommended repositories is provided at <a
href="http://www.nature.com/sdata/policies/repositories">http://www.nature.com/sdata/p
olicies/repositories</a>.

If a community resource is unavailable, data can be submitted to generalist repositories such
as <a href="https://figshare.com/">figshare</a> or <a href="http://datadryad.org/">Dryad



Digital Repository</a>. Please provide a unique identifier for the data (for example a DOl or a
permanent URL) in the data availability statement, if possible. If the repository does not
provide identifiers, we encourage authors to supply the search terms that will return the
data. For data that have been obtained from publicly available sources, please provide a URL
and the specific data product name in the data availability statement. Data with a DOI should
be further cited in the methods reference section.

Please refer to our data policies at <a
href="http://www.nature.com/authors/policies/availability.html">http://www.nature.com/a
uthors/policies/availability.html</a>.

REVIEWERS' EXPERTISE:

Reviewer #1 computational psychiatry, (fear) learning
Reviewer #2 computational psychiatry, (fear) learning
Reviewer #3 computational psychiatry, modelling

REVIEWERS' COMMENTS:
Reviewer #1 (Remarks to the Author):

The manuscript employs Bayesian computational modelling to examine the fear
generalization mechanism. Using the observed data in two fear conditioning experiments and
combining multiple data source in a Bayesian multilevel mixture model, the authors found
that the generalization process during learning can be broken down into four distinct
mechanisms, namely non-learners, overgeneralizes, physical generalizers, and perceptual
generalizers.

The study has the following strength: 1) revealed the existence of multiple generalization
mechanisms instead of assuming one generalization mechanism; 2) took account of different
mechanisms influencing mental representations, which ultimately influence the
generalization process, instead of using mono-source behavioral data; 3) account for
individual differences in modeling, instead of merely focusing on the differences at the group
level.

The manuscript was well written with clear explanations on the statistical analyses and
results. The findings have potential implications for the development of tailored treatments
in the clinical context. Upon clarifications of certain findings and the text from the authors, |
am confident to recommend the publication of this manuscript in your prestigious journal.

Here are some questions | have on this manuscript:

1. Introduction line 5: While generalized learning are reduced in individuals with autism,
there is insufficient evidence to date to show that problematic generalization “lead to the
development of “ autism. Please revise the sentence.

2. Introduction Paragraph 5: “ CR to test stimuli were strong when they were falsely
perceived as CS .... (even during CS trials)”. “even during CS trials” need a reference.

3. Methods: The total number of participants in experiments 1 and 2 is 40 +43 = 83. Why

does the final dataset comprise 40 participants only?



4. ] assume that it is a parametric Bayesian model. Could you give the rationale for choosing
this model over the non-parametric one in your study?

5. Figure 4 Panel D: the text does not match the description of the findings in the figure. The
curves to the right of the vertical dashed line represents the similarity to the CS+ decay as a
function of physical distance, not perceptual.

6. Figure 4 Panel C: The learning pattern does not really differentiate well among the three
latent groups (overgeneralizes, physical generalizers and perceptual generalizers) and the
pattern look the same to me in these three groups. Is it a common/normal finding and could
you please comment further in the text?

7. Relatedly, there is no red curve in the learning pattern. Please revise the description in
figure 4c.

8. The authors did not explain why one group of participants would generalize TS with CS
based on the physical distance between TS and CS, and the other would exhibit
generalization because of changes in inter-stimulus distances. From a gestalt perspective, the
brain may process these two cognitive factors in a holistic manner and generate ultimate
behavior based on a combination of both factors, which vary in weight in different trials. If
the authors think such a categorical classification outweighs a continuous classification (with
different weights of physical generalization and perceptual generalization for different
individuals), the authors should address the limits of the latter.

9. Some limitations should be highlighted: As it is rightly stated by the authors, it is important
to consider a variety of cognitive and perceptual processes that are pertinent to the
generalization learning. Working memory and attention functioning are also implicated in the
generalization and the learning processes (likely they influence ai and gij in the model) but
are not included or accounted for in your model. Also, the physiological measure (the startle
responses) are not included in the computational model. There are some of the limitations in
your study.

10. | find the findings of the simulation model very interesting to both researchers and
clinicians. Specifically, 35% of the participants in a simple conditioning task are non-learners
while 10% in a differential conditioning are non-learners. Statistically, it explains why in
traditional experimental study we often need to exclude some non-learners in the analyses.
Likewise, it also highlights the individual differences in terms of the generalized learning of
fear in the clinical population.

Reviewer #2 (Remarks to the Author):

In this paper, the authors present a new model for generalization behavior in a conditioning
paradigm. They argue that generalization behavior can be the result of several distinct
(mental) processes such as imperfect associative learning or perceptual discrimination.
Furthermore, they explain that modeling can also be a valuable approach for generalization
behavior because it allows to better take into account individual differences.

The paper presents the results of a simulation study and two experiments, both with 40
participants. The first experiment involved a simple fear conditioning procedure with a
moderate reinforcement rate, whereas the second experiment used a differential fear
conditioning procedure (CS+ and CS-) with high reinforcement rate for the CS+. Differences



over experiments in the estimated model parameters were in accordance with the model
assumptions about these parameters.

Overall, | found this paper very interesting to read. I’'m not a modeling expert, but the details
of the model seemed well-specified and model decisions seemed sensible. | also agree with
the basic arguments in favor of a more dynamic model of the processes underlying
generalization behavior. | am also convinced that such a model may be of great use for the
generalization literature because a more precise analysis of generalization behavior (that
takes into account individual-level variables) can be valuable for practice and theory.

That said, there were a couple of things that came to mind while | was reading the paper that
the authors might use to further improve the paper.

- For me, it remains unclear why the authors attempt to categorize participants into four
groups. Is it not more useful to estimate how data (at the participant and group-level) relate
to specific processes (e.g., as the authors do with the learning and generalization
parameter)? Some more explanation might be useful.

- It’s always important not to oversell the results of modeling experiments. | think the authors
could be more sensitive to the fact that modeling results cannot provide strong evidence for
specific processes as these processes are self-defined and self-selected (e.g., the authors
decided not to model motivation-related processes). This is especially important when the
model is presented as allowing a ‘mechanism-specific differential diagnosis in generalization-
related psychiatric disorders’. It is important to note that the value of the model will need to
be tested in reference to specific goals that one might have (e.g., to predict or influence
behavior). This can be explained a bit more (how can the model help achieve certain goals
and what research is important to test this?). | do like the fact that the authors note that they
will update the model based on new insights such as related to predictive coding (but this is
now described in the supplementary material). In the paper, it wasn’t always clear how
recent insights are taken into account and how the behavior was thought to be related to
specific processes (also: are all processes defined at the mental level?).

- It’s a bit strange that the authors did not pursue the analyses they had preregistered. Why
not? Is there nonetheless some information to be found online about the results of these
analyses?

Reviewer #3 (Remarks to the Author):

In this work the authors used computational modeling to better understand the possible
underlying mechanisms of fear generalization on an individual level. Such understanding can
help to promote personalized approaches in research and clinical realms, by shifting the
focus from groups to individuals. While potentially interesting, there are a few major
concerns that attenuate my enthusiasm and should be considered if a decision to revise is
made:



Major:

- My main concern is that this report is heavily focused on the computational aspect of this
work, and the depth and details of the modeling work are often hard to follow. Importantly,
such focus on the computational aspect drives the attention away from the important
implications to psychology in general, and to psychopathologies in particular. While clearly
the authors performed a large amount of analytical work, I'd suggest that a major revision is
performed to make this manuscript a better fit for a psychology journal. Below | listed a few
specific examples how a stronger link to the clinical field can be made.

- The model focuses on 2 parameters: learning rate and generalization rate. The report would
benefit from a greater elaboration on the relevance to humans, e.g., personality traits and/or
clinical characteristics in specific patient populations.

- The presented model classifies participants into four distinct groups. It would be important
to provide a detailed explanation how these groups were chosen, how does such
classification can fit empirical data in the generalization literature, and if there are other
groups that could be considered in future related work.

- Similarly, this work tests 3 specific mechanisms: learning, perception and generalization. It
would be important to have a clearer explanation of these 3 mechanisms, how they are
related to the existing literature and if there are any other mechanisms that should be
considered in future work (see also suggestion below re context processing).

- One major part of this work is the empirical part, where two generalization datasets have
been collected. It would be important to include a separate section that discusses in greater
detail these studies, including demographics, task design, and empirical data. Specifically, it
would be helpful to present the behavior data as usually presented in the generalization
literature, with level of responding to each class of stimuli (CS-, CS+, various generalization
stimuli).

Minor:

- Are the implications of this work specific to fear generalization, or relevant to other
generalization/transfer learnings? Authors might want to discuss the generalizability of this
work.

- Authors can also discuss other possible cognitive mechanisms that can contribute to
generalization but were not studied here. For instance, content processing, which is altered is
some psychopathologies, and its related pattern separation and pattern completion
processes, could be discussed. Can the reported model be used to better understand how
context processing affects generalization patterns?

- In the generalization literatures, the novel “similar” stimuli are usually termed
“generalization stimuli” and not “test stimuli” as in the current report. Making the
terminology more consistent with the literature would be helpful.

- In the introduction, the first and second limitations seem to be very overlapping. To
understand the various possible mechanisms that can drive generalization patterns (e.g.,
perceptual discrimination; limitation #1), one needs to utilize multi-source data (e.g., self-
reported similarity judgement; limitation #2). I'd suggest that these limitations are combined,
or alternatively, the distinction is clarified.

- “An abundance of empirical evidence has shown that individual differences in learning and
perception may account for the diversity in generalization behavior” — In light of the
motivation of this work to study individual differences, | suggest elaborating on the existing



literature that studied these individual differences. Further, in the discussion, the authors
could explain how/if the conclusions from this work fit this existing literature.



Author Responses: first round

Rebuttal letter

April 24 2023



Reviewer 1

1.

Introduction line 5: While generalized learning are reduced in indi-
viduals with autism, there is insufficient evidence to date to show
that problematic generalization “lead to the development of “ autism.
Please revise the sentence.

We agree with the Reviewer’s suggestion that the phrasing "lead to the
development of" may not be optimal in the absence of clear causal evidence.
Therefore, we revised the sentence in the Introduction line 5 as follows:

"Maladaptive generalization behavior is associated with several psychopatholo-
gies, such as anxiety disorder (Dymond et al., [2015; Lissek et al., |[2014]), autism
(Plaisted, [2001)), and obsessive-compulsive disorder (Kaczkurkin and Lissek,

2013; Rouhani et al., |2019)."

2.

Introduction Paragraph 5: ¢ CR to test stimuli were strong when they
were falsely perceived as CS .... (even during CS trials)”. “even dur-
ing CS trials” need a reference.

We have added the following references to this sentence:

"Conditioned responses to test stimuli were strong when they were falsely
perceived as the CS while attenuated when the stimulus was perceived as differ-
ent from the CS (even during CS trials) (Struyf et al., Zaman et al.,
Zaman et al., [2020; Zaman et al., 2022)). This inflated the inferred extent of
fear generalization as response gradients were much narrower after accounting
for these perceptual errors (Zaman, Struyf, et al., ".

3.

Methods: The total number of participants in experiments 1 and 2
is 40 +43 = 83. Why does the final dataset comprise 40 participants
only?

The pre-registered sample size of 40 only included participants who finished
the experiment. For Experiment 1, since the data was lost for 3 participants
due to technical issues we had to recruit a total of 43 subjects to reach the
pre-registered sample size of 40 completed data sets. This is reported in the
Method section:



"To reach the pre-registered sample size of 40 complete data sets in both
experiments we had to recruit 43 and 40 participants, respectively, as three
participants in the first experiment did not complete the task due to technical
problems."

4.

I assume that it is a parametric Bayesian model. Could you give the
rationale for choosing this model over the non-parametric one in your
study?

We chose to use a parametric Bayesian model for our study because we
wanted to investigate whether learning, perceptual variability, and general-
ization tendency are all important sources in human generalization behavior,
and if a computational model can distinguish the effects of these mechanisms.
With the parametric model, we can mathematically describe how generalized
responses emerge, providing insights into the underlying cognitive and percep-
tual processes. Additionally, the parametric model allows us to quantify the
strength and direction of each mechanism, providing more specific and inter-
pretable results.

Non-parametric (or semi-parametric) models (such as neural networks) do
not make strong assumptions about the functional form of the process being
modeled, but they estimate the relationship between the input and output
based on the observed data. While this approach can be useful in cases where
the underlying process is complex or nonlinear, it may not provide the level
of interpretability that a parametric model can offer. Moreover, the paramet-
ric Bayesian model enabled us to incorporate prior knowledge or beliefs about
the mechanisms and parameters of interest, which is a critical advantage over
non-parametric models. By incorporating prior knowledge, we can reduce the
influence of noise or variability in the data and obtain more robust estimates
of the parameters of interest. In addition, prior knowledge can facilitate the
integration of new studies with past findings of certain processes. While non-
parametric models can be useful in certain situations (most commonly when
there is an abundance of data, which is often not the case in human learning
experiments), they cannot offer the same level of interpretability, specificity,
and ability to incorporate prior knowledge as the parametric Bayesian model.
Therefore, for our study, we concluded that the parametric Bayesian model
was the most appropriate choice to achieve our research goals and to provide a
deeper understanding of human generalization behavior.

5.

Figure 4 Panel D: the text does not match the description of the find-
ings in the figure. The curves to the right of the vertical dashed line



represents the similarity to the CS+ decay as a function of physical
distance, not perceptual.

We thank the Reviewer for noticing and corrected the mistake in the caption
of Figure 3 (which was previously Figure 4):

"Panel D: The similarity decay pattern of simulated participants in each
latent group. The curves to the right and to the left of the vertical dashed line
represents how the similarity to the CS+ decays as a function of physical and
perceptual distance, respectively."

6.

Figure 4 Panel C: The learning pattern does not really differentiate
well among the three latent groups (overgeneralizes, physical gener-
alizers and perceptual generalizers) and the pattern look the same to
me in these three groups. Is it a common/normal finding and could
you please comment further in the text?

The similar learning patterns among these three latent groups is due to the
fact that our simulation covered the full range of possible learning rate values,
and we did not specifically model different types of learning patterns between
these three subgroups. This decision was made because we did not expect these
subgroups to differ in learning but rather in other aspects. Thus, the similar
learning patterns observed in the simulations among these three groups is ex-
pected. We only expect to see deviations regarding learning patterns in the
Non-Learners group for whom learning has never been established. Note that
for the experimental data (see Figure 6 and Figure 7), some small differences in
learning patterns among the three groups can be seen. To avoid confusion, we
added a sentence in the Description of the simulated response patterns section

(page 6):

"The simulation setting that covers the full range of learning rates for all
learner groups explains the comparable learning patterns observed among the
groups. "

7.

Relatedly, there is no red curve in the learning pattern. Please revise
the description in figure 4c.

We apologize for the mistake and have adjusted Figure 3 (previously Figure
4). Now, the red curve indicates CS+ learning, and the blue curve indicates
CS- learning.



"Panel C: The bold and light curves are the averaged and individual CS+
(red) and CS- (blue) associative strengths in the learning stage."

8.

The authors did not explain why one group of participants would gen-
eralize TS with CS based on the physical distance between TS and
CS, and the other would exhibit generalization because of changes in
inter-stimulus distances. From a gestalt perspective, the brain may
process these two cognitive factors in a holistic manner and gener-
ate ultimate behavior based on a combination of both factors, which
vary in weight in different trials. If the authors think such a categor-
ical classification outweighs a continuous classification (with different
weights of physical generalization and perceptual generalization for
different individuals), the authors should address the limits of the
latter.

In our model, the Physical Generalizers group is defined as situations where
perceptual variability does not play a significant role in determining generaliza-
tion behavior. This outcome can occur in two possible scenarios: Firstly, when
perceptual variability is negligible or very small. Secondly, when the degree of
perceptual variability is unrelated to the observed generalization behavior, in-
dicating that perceptual variability does not significantly influence the way the
individual generalizes from one stimulus to another. As the Reviewer suggested,
it is also possible to investigate the different weights of two distances (physical
and perceptual) for different individuals and assess the contribution of percep-
tual variability based on the weighting parameter. However, the current study
aims to provide a straightforward generalization tendency index that can be
easily interpreted. The current model framework incorporates a generalization
rate parameter that quantifies the degree of response decay for a particular as-
sociative strength as a function of the distance between stimuli. In other words,
the generalization rate parameter reflects how much the response to a certain
stimulus weakens as the stimulus becomes further away from the original stim-
ulus. Introducing a weighting parameter would make the generalization rate
parameter more difficult to interpret and less comparable between individuals.
Therefore, we did not consider this option in the current study.

We added a few sentences in the manuscript to increase clarity.

1. In the Introduction section (page 2), we emphasized the difference of two
perceptual assumptions:

"However, previous research on generalization has largely ignored the poten-
tial impact of inter-individual differences, often by either equating perception to
the physical dimension (making perception the same for everyone) or employing
psychophysical mapping methods such as multidimensional scaling (Shepard,



to derive a mental representation of encountered stimuli. These
psychophysical mapping methods mostly assume a universal (and invariant)
psychological space, with stimulus representations in an identical constellation
for all humans, rendering them unable to account for inter- and intra-individual
variations in perception, the impact of learning on perception (Gibson,

Razran, [1955; Sagi, 2011 Watanabe et al., [2001; Zhang et al., 2019)) and the

impact of both on generalized responses (Raviv et al., [2022} Schroijen et al.,

2015 Zaman et al., |2017))."

2. In the Introduction section (page 5), we also emphasized the distinction
between the two groups:

"Fourth, we incorporate a mixture framework (Bartlema et al., Lee,
Winsberg and De Soete, that allows us to allocate individuals
into potential clinical-relevant subgroups based on the malfunctioning of cer-
tain latent processes. The specific pattern of generalized behavior can be the
result of (1) problematic learning (i.e., Non-Learners), and when learning oc-
curred, (2) the extreme generalization tendency (i.e., Overgeneralizers), or (3) a
similarity-based generalization process where differences in stimulus perception
influence the extent of stimulus similarity (i.e., Perceptual Generalizers), or (4)
a similarity-based generalization process where perceptual variability does not
impact stimulus similarity (i.e., Physical Generalizers). This tree-like structure
naturally leads to four groups."

3. Similarly, in the Result summary section (page 11), we added:

"The remaining participants demonstrate a reasonable response decay as
stimulus distance increases. To investigate the nature of this response decay, we
further utilized the mixture model to examine whether individual differences in
perception accounted for the observed variation in generalized responding (Per-
ceptual Generalizers) or if generalized responses were unaffected by perception
and thus solely attributed to the physical similarity (Physical Generalizers)."

4. In the Introduction section (page 5), we emphasized that the model aims
to provides more interpretable index for generalization tendency:

"The proposed model not only examines the impact of distinct latent pro-
cesses on generalized responses but also identifies potential clinical subgroups
among participants by accounting for specificities in their latent processes. Fur-
thermore, it parameterizes the latent similarity-based generalization process (in
straightforward index for generalization propensity) in such a manner that it
enables the comparison between individuals despite their differences in learning
and perceptual sensitivity. Focusing on the behavior-generating process, the
model investigates how different presumptive mechanisms combined (i.e. learn-
ing, perception, generalization) influence the generalization behavior patterns
of different individuals. "



5. Also in the Discussion section (page 14), we added:

"In our model, generalized behavior is determined by several psychologically
meaningful parameters. If a person is identified as neither in the Non-Learners
nor Ouergeneralizers group, the value for his or her generalization rate parame-
ter \; reflects his propensity to generalize as the decreasing (transferring) pro-
portion of response given the acquired associative strength (modulated by the
learning rate parameter «;) and the perceptual (Perceptual Generalizers) or
physical (Physical Generalizers) stimuli distance, both of which can vary across
time points within and between individuals. Consequently, two participants
may have the same propensity for generalization (i.e., the same \; values) yet
radically different flatness of response gradients due to their distinct learning
and perceptual abilities. "

9.

Some limitations should be highlighted: As it is rightly stated by
the authors, it is important to consider a variety of cognitive and
perceptual processes that are pertinent to the generalization learn-
ing. Working memory and attention functioning are also implicated
in the generalization and the learning processes (likely they influence
ai and gij in the model) but are not included or accounted for in
your model. Also, the physiological measure (the startle responses)
are not included in the computational model. There are some of the
limitations in your study.

We added two subsections Future directions and Limitations at the end of
Discussion section (page 15) to highlight these limitations and the potential
future development with relevant cognitive and perceptual theories.

Future directions:

"Future research on developing more sophisticated models of generalization
behavior should consider additional fundamental cognitive processes that may
directly impact these phenomena. For instance, attentional processes, which
allow for the selection and prioritization of relevant information, have been
highlighted as a crucial modulator of learning and generalization (Bedard and
Song, Dayan et al., . Additionally, rule-based generalization based
on specific relational differences between stimulus features has been shown to
occur alongside distance-based generalization (Dunsmoor and Murphy, 2015}
Nosofsky and Zaki, [2002). Recent research has also explored the coexistence of
these two types of generalization processes and their interaction in producing
generalization behavior (Schlegelmilch et al., Zaman et al., . In
addition, future research should aim to conduct more rigorous experimental



studies that manipulate specific psychological processes. This will enable us
to determine how much the model can accurately detect the manipulation of
the targeted latent process. Moreover, to improve the reliability and validity of
our model, future research should concentrate on implementing it using various
stimulus sets both in pre-clinical and clinical populations.

The Bayesian approach renders an additional layer to construct assumptions
through the prior distributions. To reflect the absence of information about pa-
rameters, we only specified ambiguous and weakly informative priors to the
hyperparameters in this study. However, having informative priors is important
for capturing valuable theoretical and empirical information about the param-
eters (Vanpaemel and Lee, . For example, we can construct priors for the
learning rate parameter «; in simple conditioning paradigms with small values if
similar results are systematically replicated. Such prior constructions represent
the current knowledge that people tend to learn poorly in such context. The
belief updating process for both data generating functions and parameter priors
can also draw great interests for clinicians. On the one hand, the same observed
symptom (e.g., anxiety or fear generalization) can be broken down into different
mechanisms that potentially require different therapeutic interventions, allow-
ing for the development of tailored treatments. The treatment performance, on
the other hand, can be examined by looking at how the prior distribution of the
targeted latent parameter evolved. In our model, for instance, the prior value of
the learning rate parameter «; will increase as a result of an effective treatment
aimed at reducing generalization behavior induced by problematic learning."

Limitations:

"The formation of perceptual distance in our model did not account for
potential general patterns over time and idiosyncrasies in human perception
and memory. Rather, we directly represented T'S perception using size estima-
tion data and modeled CS memory as a moving mean of the size estimation in
CS trials. This approach equated CS memory with encoding precision, while
neglecting potential differences in retrieval. However, this approach may over-
simplify the actual complexity of the underlying processes. For example, with
the recent advancement of human perception research, the possibility that the
perceptual system operates according to Bayes’ rule has been widely discussed

(Colombo and Seriés, 2012; Gross, [2020; Knill and Alexandre, [2004} Petzschner
et al., 2015} Press et al., [2020; Press and Yon, 2019; Weiss et al., 2002]). Under

this framework, perception contains probabilistic representations that incorpo-
rate a likelihood function and prior perceptual knowledge. In such instances,
the trial-based single percept representation we provided to the model may be
too simplistic to accurately portray how individuals represent the presented
stimulus (and its associated uncertainty). Likewise, inter-individual differences
during encoding, retrieval or mechanisms acting hereupon may cause substan-
tial biases in memory that can greatly diverge from the objective (Brady and
Alvarez, Luck and Vogel, . Furthermore, differences in memory re-
trieval have been linked to differences in fear generalization patterns (Zenses



et al., . The advantage of the adopted generative model and use of multi-
source data is that insights from other fields could be implemented within the
existing framework by altering or extending the model and the type of collected
data (e.g., memory data). Another limitation of the present research is that
our conclusions are based solely on self-report responses. Future studies could
overcome this limitation by incorporating multiple response channels, such as
physiological and neuronal responses, to investigate generalization behavior. In
addition, while the current model has been only utilized in the context of fear
conditioning paradigms with one-dimensional stimuli, it would be beneficial for
future research to investigate the generalizability of the modeling conclusions
to other learning types, stimuli with higher levels of complexity and multiple
dimensions, and samples."

10.

I find the findings of the simulation model very interesting to both
researchers and clinicians. Specifically, 35% of the participants in a
simple conditioning task are non-learners while 10% in a differential
conditioning are non-learners. Statistically, it explains why in tradi-
tional experimental study we often need to exclude some non-learners
in the analyses. Likewise, it also highlights the individual differences
in terms of the generalized learning of fear in the clinical population.

We appreciate that the reviewer found our modeling results interesting and
would like to thank the Reviewer for the helpful suggestions



Reviewer 2

1.

For me, it remains unclear why the authors attempt to categorize
participants into four groups. Is it not more useful to estimate how
data (at the participant and group-level) relate to specific processes
(e.g., as the authors do with the learning and generalization param-
eter)? Some more explanation might be useful.

We apologize for any confusion regarding this matter. In this study, our
goal is to investigate whether generalization behavior can be decomposed into
learning, perceptual variability, and generalization tendency. To achieve this,
we built a parametric computational model that incorporates parameters that
embed these psychological processes. Instead of subsequently conducting post-
hoc analysis on posterior samples to determine whether someone belongs to
a potential clinical and/or theoretical relevant subgroup (i.e., a non-learner,
overgeneralizer), which embeds more subjectivity, we decided to combine the
parameter estimation for specific processes at once with a mixture model struc-
ture that enables us to identify individuals belonging to these subgroups based
on their estimates parameter values. Thus our model serves two aims: (1)
estimating individual parameters (and their uncertainty) relating to distinct
processes in order to scrutinize their impact on generalized responses, and (2)
allocating participants into potential clinically relevant subgroups based on the
posterior parameter distributions. Thus, the purpose of our mixture modeling
approach is not to classify individuals into mechanistically distinct groups but
merely to label individuals who tend to have some clinically and theoretically
relevant particularities regarding these latent processes. We have clarified this
in the paper as follows::

1. In the Introduction section (page 5), we specified the attempt to allocate
participants into potential clinical-relevant subgroups:

"The proposed model not only examines the impact of distinct latent pro-
cesses on generalized responses but also identifies potential clinical subgroups
among participants by accounting for specificities in their latent processes. "

2. In the same page we also emphasized the logic of the mixture modeling
framework::

"Our computational model is implemented as a Bayesian multilevel mixture
model on the collected multi-source data (i.e., learning, perception, and general-
ization) and contains four important properties. First, given the complexity of
generalization that may emerge from multiple mechanisms, we employ Bayesian
statistics to characterize our uncertainty about the parameters as probability
distributions in a principled manner (Lee, Lee and Wagenmakers, [2005)).

10



This allowed us to assess the effect of different psychological processes on hu-
man generalization, taking into account the available evidence. Second, the
multilevel structure is implemented to account for the ubiquitous quantitative
individual differences by inferring parameter values from both the individual
and group levels (Lee, Lee and Vanpaemel, Okada and Lee, [2016;
Scheibehenne and Pachur, . Third, in the model, generalization behavior
is not restricted to a single generating process but could emerge from a several
different latent processes situated at different levels (e.g., learning, generaliza-
tion). Fourth, we incorporate a mixture framework (Bartlema et al.,
Lee, Winsberg and De Soete, that allows us to allocate individ-
uals into potential clinical-relevant subgroups based on the malfunctioning of
certain latent processes. The specific pattern of generalized behavior can be
the result of (1) problematic learning (i.e., Non-Learners), and when learning
occurred, (2) the extreme generalization tendency (i.e., Overgeneralizers), or
(3) a similarity-based generalization process where perceptual variability does
not impact stimulus similarity (i.e., Physical Generalizers), or (4) a similarity-
based generalization process where differences in stimulus perception influence
the extent of stimulus similarity (i.e., Perceptual Generalizers). This tree-like
structure naturally leads to four groups."

3. In the Discussion section (page 14), we discussed the theoretical and
clinical relevance of the defined latent groups:

"The four latent groups provide a theoretical framework that not only high-
lights the impact of diverse mechanisms on individual generalization behavior
but also holds promising clinical implications. Previous findings associating
anxiety disorders with problematic learning processes (Hermann et al.,
Jovanovic et al., Lissek et al., and a tendency to overgeneral-
ize (Dymond et al., Kaczkurkin and Lissek, Lissek et al.,
Plaisted, Rouhani et al., underscore the importance of identifying
Non-Learners and Overgeneralizers in clinical practice. Given that trait anxiety
is typically low among healthy individuals (Dibbets and Evers, Dibbets
et al., 7 it stands to reason that the prevalence of Overgeneralizers would
be low in a healthy sample, as observed in the present study. Future research
could aim to investigate whether the prevalence of this latent group increases
in a clinical sample or whether membership in this latent group has any predic-
tive value for treatment outcomes. The detection of Perceptual Generalizers is
also noteworthy, particularly when considered alongside previous research indi-
cating that anxiety patients exhibit deficits in perceptual discrimination after
fear learning (Duits et al., Laufer et al., [2016). Therefore, it is essen-
tial to carefully consider the contribution of perceptual variability (Figure 1)
to generalization behavior in individuals, whether from clinical or theoretical
perspectives."
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2.

It’s always important not to oversell the results of modeling experi-
ments. I think the authors could be more sensitive to the fact that
modeling results cannot provide strong evidence for specific processes
as these processes are self-defined and self-selected (e.g., the authors
decided not to model motivation-related processes). This is especially
important when the model is presented as allowing a ‘mechanism-
specific differential diagnosis in generalization-related psychiatric dis-
orders’. It is important to note that the value of the model will need
to be tested in reference to specific goals that one might have (e.g.,
to predict or influence behavior). This can be explained a bit more
(how can the model help achieve certain goals and what research is
important to test this?). I do like the fact that the authors note that
they will update the model based on new insights such as related
to predictive coding (but this is now described in the supplementary
material). In the paper, it wasn’t always clear how recent insights are
taken into account and how the behavior was thought to be related to
specific processes (also: are all processes defined at the mental level?).

We agree with the Reviewer that the relevance of the model indeed depends
on its ability to pick up experimental manipulation of certain latent processes or
the ability to make clinically meaningful predictions. To address this, we have
identified three specific steps for our future work. Firstly, we plan to conduct
additional experimental studies with more rigorous control for specific psycho-
logical processes. This will allow us to determine whether the manipulation of
latent processes can be accurately detected by our model. Secondly, we aim to
continually expand our model by incorporating insights from relevant domains
and theories. By doing so, we can ensure that our model remains up-to-date
and relevant in capturing the complexities of generalization. Finally, once our
model has been refined to incorporate the most recent insights on the relevant
psychological processes, we will undertake clinical translation work to investi-
gate its predictive potential. This will help us determine whether our model
can make clinically meaningful predictions. To reflect these future directions,
we have added two subsections Future directions and Limitations in the Dis-
cusston section:

Future directions:

"Future research on developing more sophisticated models of generalization
behavior should consider additional fundamental cognitive processes that may
directly impact these phenomena. For instance, attentional processes, which
allow for the selection and prioritization of relevant information, have been
highlighted as a crucial modulator of learning and generalization (Bedard and
Song, Dayan et al., . Additionally, rule-based generalization based

on specific relational differences between stimulus features has been shown to
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occur alongside distance-based generalization (Dunsmoor and Murphy,
Nosofsky and Zaki, [2002). Recent research has also explored the coexistence of
these two types of generalization processes and their interaction in producing
generalization behavior (Schlegelmilch et al., Zaman et al., . In
addition, future research should aim to conduct more rigorous experimental
studies that manipulate specific psychological processes. This will enable us
to determine how much the model can accurately detect the manipulation of
the targeted latent process. Moreover, to improve the reliability and validity of
our model, future research should concentrate on implementing it using various
stimulus sets both in pre-clinical and clinical populations.

The Bayesian approach renders an additional layer to construct assumptions
through the prior distributions. To reflect the absence of information about pa-
rameters, we only specified ambiguous and weakly informative priors to the
hyperparameters in this study. However, having informative priors is important
for capturing valuable theoretical and empirical information about the param-
eters (Vanpaemel and Lee, . For example, we can construct priors for the
learning rate parameter «; in simple conditioning paradigms with small values if
similar results are systematically replicated. Such prior constructions represent
the current knowledge that people tend to learn poorly in such context. The
belief updating process for both data generating functions and parameter priors
can also draw great interests for clinicians. On the one hand, the same observed
symptom (e.g., anxiety or fear generalization) can be broken down into different
mechanisms that potentially require different therapeutic interventions, allow-
ing for the development of tailored treatments. The treatment performance, on
the other hand, can be examined by looking at how the prior distribution of the
targeted latent parameter evolved. In our model, for instance, the prior value of
the learning rate parameter «; will increase as a result of an effective treatment
aimed at reducing generalization behavior induced by problematic learning.

Limatations:

"The formation of perceptual distance in our model did not account for po-
tential general patterns over time and idiosyncrasies in human perception and
memory. Rather, we directly represented TS perception using size estimation
data and modeled CS memory as a moving mean of the size estimation in CS
trials. This approach equated CS memory with encoding precision while ne-
glecting potential differences in retrieval. In addition, by equation perceptual
responses directly to the mental, we oversimplify the actual complexity of the
underlying perceptual process. For example, with the recent advancement of
human perception research, the possibility that the perceptual system oper-
ates according to Bayes’ rule has been widely discussed (Colombo and Seriés,

2012; Gross, [2020F Knill and Alexandre, 2004} Petzschner et al., 2015} Press
et al., 2020; Press and Yon, [2019; Weiss et al., |2002). Under this framework,

perception contains probabilistic representations that incorporate a likelihood
function and prior perceptual knowledge. In such instances, the trial-based sin-
gle percept representation we provided to the model may be too simplistic to
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accurately portray how individuals represent the presented stimulus (and its
associated uncertainty). Likewise, inter-individual differences during encoding,
retrieval or mechanisms acting hereupon may cause substantial biases in memory
that can greatly diverge from the objective (Brady and Alvarez, Luck and
Vogel, . Furthermore, differences in memory retrieval have been linked to
differences in fear generalization patterns (Zenses et al., . The advantage
of the adopted generative model and use of multi-source data is that insights
from other fields could be implemented within the existing framework by alter-
ing or extending the model and the type of collected data (e.g., memory data).
Another limitation of the present research is that our conclusions are based
solely on self-report responses. Future studies could overcome this limitation
by incorporating multiple response channels, such as physiological and neuronal
responses, to investigate generalization behavior. In addition, While the current
model has been only utilized in the context of fear conditioning paradigms with
one-dimensional stimuli, it would be beneficial for future research to investigate
the generalizability of the modeling conclusions to other learning types, stimuli
with higher levels of complexity and multiple dimensions, and samples."

3.

It’s a bit strange that the authors did not pursue the analyses they
had preregistered. Why not? Is there nonetheless some information
to be found online about the results of these analyses?

The current work used two unreported data sets which are pre-registered
and collected at 2017. In the pre-registered analysis plan, it was proposed to in-
vestigate the relationship between perception and generalization response using
descriptive statistical analyses (i.e., linear mixed models). However, the current
research aims at decomposing generalization behavior into different mechanisms
and processes, which requires the formation of a generative model to incorporate
the relationship of different mechanisms. The pre-registration that we reported
is only for data collection but not for the current study as the research ques-
tions are different. Due to this, the current study should be considered as being
non-preregistered if hypotheses and analyses are concerned. We have revised
the first paragraph of Method section to clarify this.

"The two data sets used in the experimental study are taken from two stud-
ies that were pre-registered on the Open Science Framework at 2017 (OSF; Ex-
periment 1: https://osf.io/bdngs; Experiment 2: https://osf.io/t4dbzs). These
studies focused on different hypotheses and research questions and used different
methodologies than those of the current study, so the plans for descriptive sta-
tistical analyses included in the protocol are not relevant for the current study.
As the current research questions and corresponding analysis method, which
is based on computational modeling, were not included in this, or any other,
preregistration protocol, the current study should be considered as being non-
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preregistered, as far as hypotheses and analyses are concerned. The raw data
for the two experiments, codes for the computational model and analysis, and
Supplementary Materials which contains more modeling details, are available
at another OSF repository: https://osf.io/sxjak/."
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Reviewer 3

1.

My main concern is that this report is heavily focused on the com-
putational aspect of this work, and the depth and details of the mod-
eling work are often hard to follow. Importantly, such focus on the
computational aspect drives the attention away from the important
implications to psychology in general, and to psychopathologies in
particular. While clearly the authors performed a large amount of
analytical work, I'd suggest that a major revision is performed to
make this manuscript a better fit for a psychology journal. Below I
listed a few specific examples how a stronger link to the clinical field
can be made.

We appreciate that the Reviewer acknowledges the general implications of
our work to the field of psychology and to the domain of psychopathologies
in specific. We made several adjustments based on the Reviewer’s suggestions
below to emphasize its clinical relevance.

2.

The model focuses on 2 parameters: learning rate and generalization
rate. The report would benefit from a greater elaboration on the
relevance to humans, e.g., personality traits and/or clinical charac-
teristics in specific patient populations.

We included some modifications to highlight the utility of parameterized
computational models in understanding psychiatric disorders, and to emphasize
the potential future use of our model in this context. We also mention previous
research on the relationship between learning, perception or generalization and
personality traits or patient populations to emphasize their clinical relevance.

1. In the Introduction section (page 2), we discussed the clinical relevance
of different mechanisms in generalization behavior.

"Yet, the traditional approach predominantly attributes differences in gen-
eralized responding to a single generalization mechanism, or in some instances
neglects to acknowledge any underlying mechanisms altogether. As a result, the
inherent variability of the aforementioned mechanisms and their contribution to
the observed behavior is often disregarded (Zaman, Chalkia, et al., . Ad-
ditionally, it is crucial to acknowledge the clinical relevance of both the learning
(Hermann et al., Jovanovic et al., Lissek et al., @ and perceptual
(Corlett et al., Duits et al., Laufer et al., @k Powers et al.,

aspects of generalization, as evidenced by reported differences between healthy
individuals and patients. In healthy individuals, evidence has also shown associ-
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ations between the level of state anxiety and impaired learning or generalization
(Dibbets and Evers, Dibbets et al., . Hence, a thorough comprehen-
sion of (pathological) generalization behavior, encompassing both theoretical
and clinical perspectives, necessitates the inclusion of multiple mechanisms in
the study. Relying solely on a single cognitive mechanism risks producing in-
complete or misleading conclusions, emphasizing the need for a comprehensive
approach. "

2. In the Discussion section (page 14), we discussed the future potential of
the current parameterized model in clinical settings.

"Understanding the cognitive mechanisms underlying psychiatric disorders
is essential for developing effective treatments and personalized protocols that
target the underlying causes. Computational methods have gained prominence
in exploring these mechanisms (Bennett et al., Frissle et al., Wang
and Krystal, 7 particularly through parameterizing specific psychological
processes such as learning (Maia and Frank, Mkrtchian et al., .
This approach enables researchers to identify the etiology of psychiatric symp-
toms, which is necessary for classifying individuals along symptomatic dimen-
sions (Wiecki et al., . Generalization-related psychiatric disorders often
co-occur and exhibit significant heterogeneity, underscoring the need for diag-
nostic tools and more effective treatments (Insel et al., . One promising
approach is the incorporation of meaningful parameters as behavioral readouts
in computational models, providing a fundamental framework for investigating
how generalization behavior is formed by different mechanisms. These cogni-
tively interpretable parameters can serve as valuable psychomarkers (as opposed
to biomarkers), behavioral endophenotypes, and treatment outcome predictors
in clinical settings, which can be correlated with brain activations or personality
traits Stephan and Mathys, By capturing learning and generalization pa-
rameters in the proposed model, researchers can develop informative indicators
and classifiers for generalization-related psychiatric symptoms in future research
endeavors. Considering all pertinent processes and mechanisms can help gain a
deeper understanding of how generalization behavior is formed and how it re-
lates to psychiatric symptoms, ultimately leading to more effective treatments
for individuals with these disorders."

3. In the same section, we discussed how neglecting relevant generalization-
generating mechanisms can cause potential biased estimations of generalization
tendency and thus undermine the validity of subsequent analysis (e.g., relating
it to personality traits).

"To obtain a comprehensive understanding of the latent generalization mech-
anism, it is crucial to assimilate all diverse sources that exert an impact on
generalization behavior. By doing so, the distinct contributions of each source
can be disentangled, leading to the derivation of a more meaningful general-
ization rate parameter value. Disregarding behavior-related mechanisms, such
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as learning and perception, which are integral components in the generalization
process, can engender biased inferences of the mechanism. Our simulation study
has unequivocally shown that neglecting these mechanisms imposes a consider-
able bias in the extent to which the observed behavior is attributed to a latent
generalization mechanism. Consequently, such distorted inferences of regarding
a latent generalization process potentially undermine the validity of subsequent
analyses (e.g., relating it to personality traits). Alternatively, if the general-
ization behavior is of interest, it remains important to consider all pertinent
processes and mechanisms to understand how such behavior emerged."

4. Finally, we included a subsection (page 15) Future direction in Discus-
sion to highlight the need to test our model with clinical populations in future
research:

"Future research on developing more sophisticated models of generalization
behavior should consider additional fundamental cognitive processes that may
directly impact these phenomena. For instance, attentional processes, which
allow for the selection and prioritization of relevant information, have been
highlighted as a crucial modulator of learning and generalization (Bedard and
Song, Dayan et al., [2000). Additionally, rule-based generalization based
on specific relational differences between stimulus features has been shown to
occur alongside distance-based generalization (Dunsmoor and Murphy,
Nosofsky and Zaki, . Recent research has also explored the coexistence of
these two types of generalization processes and their interaction in producing
generalization behavior (Schlegelmilch et al., Zaman et al., . In
addition, future research should aim to conduct more rigorous experimental
studies that manipulate specific psychological processes. This will enable us
to determine how much the model can accurately detect the manipulation of
the targeted latent process. Moreover, to improve the reliability and validity of
our model, future research should concentrate on implementing it using various
stimulus sets both in pre-clinical and clinical populations.

The Bayesian approach renders an additional layer to construct assumptions
through the prior distributions. To reflect the absence of information about pa-
rameters, we only specified ambiguous and weakly informative priors to the
hyperparameters in this study. However, having informative priors is important
for capturing valuable theoretical and empirical information about the param-
eters (Vanpaemel and Lee, . For example, we can construct priors for the
learning rate parameter «; in simple conditioning paradigms with small values if
similar results are systematically replicated. Such prior constructions represent
the current knowledge that people tend to learn poorly in such context. The
belief updating process for both data generating functions and parameter priors
can also draw great interests for clinicians. On the one hand, the same observed
symptom (e.g., anxiety or fear generalization) can be broken down into different
mechanisms that potentially require different therapeutic interventions, allow-
ing for the development of tailored treatments. The treatment performance, on
the other hand, can be examined by looking at how the prior distribution of the
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targeted latent parameter evolved. In our model, for instance, the prior value of
the learning rate parameter «; will increase as a result of an effective treatment
aimed at reducing generalization behavior induced by problematic learning."

3.

The presented model classifies participants into four distinct groups.
It would be important to provide a detailed explanation how these
groups were chosen, how does such classification can fit empirical
data in the generalization literature, and if there are other groups
that could be considered in future related work.

We agree with the Reviewer and included the following clarifications to bet-
ter convey the rationale for the presented subgroups.

1. In the Introduction section (page 5), we specified the attempt to allocate
participants into potential clinical-relevant subgroups:

"The proposed model not only examines the impact of distinct latent pro-
cesses on generalized responses but also identifies potential clinical subgroups
among participants by accounting for specificities in their latent processes. "

2. In the same page we also emphasized the logic of the mixture modeling
framework::

"Our computational model is implemented as a Bayesian multilevel mixture
model on the collected multi-source data (i.e., learning, perception, and general-
ization) and contains four important properties. First, given the complexity of
generalization that may emerge from multiple mechanisms, we employ Bayesian
statistics to characterize our uncertainty about the parameters as probability
distributions in a principled manner (Lee, Lee and Wagenmakers, [2005)).
This allowed us to assess the effect of different psychological processes on hu-
man generalization, taking into account the available evidence. Second, the
multilevel structure is implemented to account for the ubiquitous quantitative
individual differences by inferring parameter values from both the individual
and group levels (Lee, Lee and Vanpaemel, Okada and Lee,
Scheibehenne and Pachur, . Third, in the model, generalization behavior
is not restricted to a single generating process but could emerge from a several
different latent processes situated at different levels (e.g., learning, generaliza-
tion). Fourth, we incorporate a mixture framework (Bartlema et al.,
Lee, Winsberg and De Soete, that allows us to allocate individ-
uals into potential clinical-relevant subgroups based on the malfunctioning of
certain latent processes. The specific pattern of generalized behavior can be
the result of (1) problematic learning (i.e., Non-Learners), and when learning
occurred, (2) the extreme generalization tendency (i.e., Overgeneralizers), or
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(3) a similarity-based generalization process where perceptual variability does
not impact stimulus similarity (i.e., Physical Generalizers), or (4) a similarity-
based generalization process where differences in stimulus perception influence
the extent of stimulus similarity (i.e., Perceptual Generalizers). This tree-like
structure naturally leads to four groups."

3. In the Discussion section (page 14), we discussed the theoretical and
clinical relevance of each latent group:

"The four latent groups provide a theoretical framework that not only high-
lights the impact of diverse mechanisms on individual generalization behavior
but also holds promising clinical implications. Previous findings associating
generalization-related psychopathologies with learning (Hermann et al.,
Jovanovic et al., Lissek et al., and generalization mechanisms (Dy-
mond et al., Kaczkurkin and Lissek, Lissek et al., Plaisted,
Rouhani et al., underscore the importance of identifying Non-
Learners and Owvergeneralizers in clinical practice. Given that trait anxiety
is typically low among healthy individuals (Dibbets and Evers, Dibbets
et al., , it stands to reason that the prevalence of Overgeneralizers would
be low in a healthy sample, as observed in the present study. Future research
could aim to investigate whether the prevalence of this latent group increases
in a clinical sample or whether membership in this latent group has any predic-
tive value for treatment outcomes. The detection of Perceptual Generalizers is
also noteworthy, particularly when considered alongside previous research indi-
cating that anxiety patients exhibit deficits in perceptual discrimination after
fear learning (Duits et al., Laufer et al., . Therefore, it is essen-
tial to carefully consider the contribution of perceptual variability (Figure 1)
to generalization behavior in individuals, whether from clinical or theoretical
perspectives."

4.

Similarly, this work tests 3 specific mechanisms: learning, percep-
tion and generalization. It would be important to have a clearer
explanation of these 3 mechanisms, how they are related to the ex-
isting literature and if there are any other mechanisms that should
be considered in future work (see also suggestion below re context
processing).

We thank the Reviewer for the suggestion and rewrote parts of the introduc-
tion and discussion to situate them within the existing literature. The fourth
paragraph of the Introduction section (page 2) aims at explaining how these
three mechanisms can influence the final generalization behavior with a discus-
sion of previous empirical research. We have revised the paragraph to make the
distinction clearer.
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"However, such a single mechanism perspective is not realistic. General-
ization can be regarded as a cognitive process whereby previous learning is
transferred to newly encountered stimuli based on their similarity to the origi-
nally learned stimulus (Shepard, . Thus, if any aspect of the process
- from the initial learning to stimulus perception to the actual transfer of learn-
ing - goes awry, it may result in aberrant generalization behavior. For instance,
it has been observed that manipulating the experimental learning experiences,
such as the number of learning trials, the reinforcement rate, and the learning
procedures, exerts a direct influence on generalization gradients (Hanson, [1959;
Hearst, Hull, Jenkins and Harrison, Thomas and Switalski,
. Without proper learning, organisms are incapable of generating distinct
and consistent responses. However, even when CS-US learning is firmly estab-
lished, generalized responses can still occur as a result of imperfect perceptual
discrimination between the CS and newly encountered stimuli (Struyf et al.,
Zaman et al., Zaman, Struyf, et al., Zaman et al.,
Zaman et al., , providing the second potential mechanism for generating
flatter or noisy response gradients. In earlier research, the relationship between
insufficient perceptual discrimination and generalization behavior has been dis-
cussed (Guttman and Kalish, Kalish, [1958). Recently, researchers have
further pointed out the relationship between stochastic perception and gener-
alization behavior. The implication is simple: a generalized response to TSs
may not necessarily emerge due to a generalization process but merely emerge
due to an inability to perceive the TS as different from the CS. In support of
this idea, the high prevalence of problematic stimulus discrimination during a
generalization protocol was demonstrated with strong effects on the strength
of generalized responding. Conditioned responses to test stimuli were strong
when they were falsely perceived as the CS while attenuated when the stim-
ulus was perceived as different from the CS (even during CS trials) (Struyf
et al., Zaman et al., 2019} Zaman et al., Zaman et al., [2022).
This inflated the inferred extent of a latent generalization process as response
gradients were much narrower after accounting for perceptual errors (Zaman,
Struyf, et al., . Yet, the traditional approach predominantly attributes
differences in generalized responding to a single generalization mechanism, or
in some instances, neglects to acknowledge any underlying mechanisms alto-
gether. As a result, the inherent variability of the aforementioned mechanisms
and their contribution to the observed behavior is often disregarded (Zaman,
Chalkia, et al., . Additionally, it is pertinent to note that certain patient
populations often exhibit impaired learning (Duits et al., Hermann et al.,
2002; Jovanovic et al., Lissek et al., , misperceptions (Corlett et al.,
2019; Laufer et al., Powers et al., , and flatter generalization (Dy-
mond et al., Fraunfelter et al., Kaczkurkin and Lissek, Lissek
et al., Plaisted, Rouhani et al., patterns when compared to
healthy controls. Even at the pre-clinical level, variations in these underlying
processes have been associated with state anxiety levels (Dibbets and Evers,
Dibbets et al., . This highlights the need to develop tools capable
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of identifying and classifying heterogeneous patient population into mechanistic
distinct subgroups. Hence, a thorough comprehension of (pathological) gen-
eralization behavior, encompassing both theoretical and clinical perspectives,
necessitates the inclusion of multiple mechanisms in the study. As indicated by
recent research, by relying solely on a single cognitive mechanism, researchers
and clinicians are at risk of arriving at incomplete or misleading conclusions,
emphasizing the need for a comprehensive approach."

5.

One major part of this work is the empirical part, where two general-
ization datasets have been collected. It would be important to include
a separate section that discusses in greater detail these studies, in-
cluding demographics, task design, and empirical data. Specifically,
it would be helpful to present the behavior data as usually presented
in the generalization literature, with level of responding to each class
of stimuli (CS-, CS+, various generalization stimuli).

We have provided additional experimental details in the Introduction section,
in addition to discussing the experimental designs in detail in the Method sec-
tion. This addition serves to enhance the reader’s understanding of the study’s
rationale and methodology from the outset. Furthermore, to better illustrate
our findings, we have included generalization gradients in the Result Discussion
section, in addition to the generalization gradients presented in Figure 1. We
hope these additions contribute to the clarity of our study.

1. In the fourth paragraph from the bottom of the Introduction section (page
5):

"Before elaborating the computational model further, we first discuss the
data that are used to test our model. We used two fear generalization data sets
(Experiment 1: N = 40, Experiment 2 : N = 40). Both experiments employed
circles of varying sizes as CS and TS, with a painful electric shock serving as
US (for a detailed account, see the Method section). During each trial in both
the learning and generalization phases of each experiment, participants had to
estimate the stimulus size (i.e., perceptual data) and provide US expectancy rat-
ings (i.e., learning and generalization data) (see Figure 1). Experiment 1 (mean
age = 21.8 years, SD = 5.3, 26 females (65%)) used a simple fear conditioning
(i.e., one cue preceding a painful US) procedure with a lower reinforcement rate
(50%), while in Experiment 2 (mean age = 23.5 years, SD = 8.9, 26 females
(60%)), differential fear conditioning was adopted (i.e., two cues, one preceding
a painful US, one predictive of the absence of pain) and a higher reinforcement
rate (83%). With Experiment 2 compared to 1 differing on aspects that should
foster learning, we can examine if the model can capture different patterns of

generalized behavior of participants under very different learning experiences.
n
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2. In the Result discussion session (page 11-13), Figure 6 and Figure 7 dis-
play the generalization gradients.

3. In the Method session, we elaborated in detail the experimental design
and demographics of participants:

6.

Are the implications of this work specific to fear generalization, or
relevant to other generalization/transfer learnings? Authors might
want to discuss the generalizability of this work.

As the current model has only been applied to a fear conditioning paradigm
with visual simple stimuli, it remains unclear to which extent these findings
would generalize to other forms of learning or with different stimulus sets. We
have added the following sentence on the generalizability of our work at the end
of the Discussion session (page 15):

"Another limitation of the present research is that our conclusions are based
solely on self-report responses. Future studies could overcome this limitation
by incorporating multiple response channels, such as physiological and neuronal
responses, to investigate generalization behavior. In addition, While the current
model has been only utilized in the context of fear conditioning paradigms with
one-dimensional stimuli, it would be beneficial for future research to investigate
the generalizability of the modeling conclusions to other learning types, stimuli
with higher levels of complexity and multiple dimensions, and samples."

7.

Authors can also discuss other possible cognitive mechanisms that can
contribute to generalization but were not studied here. For instance,
content processing, which is altered is some psychopathologies, and
its related pattern separation and pattern completion processes, could
be discussed. Can the reported model be used to better understand
how context processing affects generalization patterns?

We totally agree that other cognitive mechanisms may be relevant and in-
teresting to explore in future model development. We have added the following
sentences to the Discussion session (page 15):

"Future research on developing more sophisticated models of generalization

behavior should consider additional fundamental cognitive processes that may
directly impact these phenomena. For instance, attentional processes, which
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allow for the selection and prioritization of relevant information, have been
highlighted as a crucial modulator of learning and generalization (Bedard and
Song, Dayan et al., . Additionally, rule-based generalization based
on specific relational differences between stimulus features has been shown to
occur alongside distance-based generalization (Dunsmoor and Murphy,
Nosofsky and Zaki, 2002)). Recent research has also explored the coexistence of
these two types of generalization processes and their interaction in producing
generalization behavior (Schlegelmilch et al., Zaman et al., .”

8.

In the generalization literatures, the novel “similar” stimuli are usu-
ally termed ‘“generalization stimuli” and not ‘“test stimuli” as in the
current report. Making the terminology more consistent with the
literature would be helpful.

We appreciate the Reviewer’s suggestion to use "generalization stimuli" in-
stead of "test stimuli" to align with the terminology more commonly used in
the generalization literature. However, as pointed out in a recent review the use
of ’generalization stimuli’” may lead to confusion regarding the observable (the
explanans) and the latent mechanisms (the explanandum) (Zaman, Chalkia, et
al., . Therefore, we prefer to use "test stimuli" in this study. We have
added a footnote on page 1 to clarify the rationale for our choice of terminology
when the term "test stimuli" is first introduced. We hope that this explana-
tion will help readers understand the reasoning behind our choice of terminology.

"To avoid confusion between the explanans and the explanandum, we opted
to use the term "test stimuli" rather than the more commonly used "general-
ization stimuli" (Zaman, Chalkia, et al., . Like other cognitive processes
(e.g., attention, memory, perception, etc.), generalization can refer to both the
observed cognitive and behavioral phenomena (i.e., explanandum) and the un-
derlying mechanisms that cause them (i.e., the explanans). As a phenomenon,
generalization refers to the pattern of responding similarly to a range of physi-
cally different stimuli. As an underlying mechanism, generalization refers to the
process underlying the observed transfer of learning ."

9.

In the introduction, the first and second limitations seem to be very
overlapping. To understand the various possible mechanisms that can
drive generalization patterns (e.g., perceptual discrimination; limita-
tion 1), one needs to utilize multi-source data (e.g., self-reported
similarity judgement; limitation 2). I'd suggest that these limitations
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are combined, or alternatively, the distinction is clarified.

We agree with the Reviewer that the two limitations are overlapping in a
way that in order to understand the various possible mechanisms that can drive
generalization patterns, such as perceptual discrimination, one has to utilize
multi-source data, such as self-reported similarity judgments. To address this
issue, we have revised the linking words in the relevant paragraphs to make
the distinction between the two limitations clearer and to avoid any potential
confusion for readers.

10.

“An abundance of empirical evidence has shown that individual dif-
ferences in learning and perception may account for the diversity in
generalization behavior” — In light of the motivation of this work
to study individual differences, I suggest elaborating on the existing
literature that studied these individual differences. Further, in the
discussion, the authors could explain how/if the conclusions from this
work fit this existing literature.

We thank the Reviewer for the suggestion and have elaborated more upon

past research both in the Introduction session, Results summary and Discussion
section where we position our findings with past research.
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