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Balancing ethics and statistics: machine learning facilitates
highly accurate classification of mice according to their trait
anxiety with reduced sample sizes
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Understanding how individual differences influence vulnerability to disease and responses to pharmacological treatments
represents one of the main challenges in behavioral neuroscience. Nevertheless, inter-individual variability and sex-specific patterns
have been long disregarded in preclinical studies of anxiety and stress disorders. Recently, we established a model of trait anxiety
that leverages the heterogeneity of freezing responses following auditory aversive conditioning to cluster female and male mice
into sustained and phasic endophenotypes. However, unsupervised clustering required larger sample sizes for robust results which
is contradictory to animal welfare principles. Here, we pooled data from 470 animals to train and validate supervised machine
learning (ML) models for classifying mice into sustained and phasic responders in a sex-specific manner. We observed high
accuracy and generalizability of our predictive models to independent animal batches. In contrast to data-driven clustering, the
performance of ML classifiers remained unaffected by sample size and modifications to the conditioning protocol. Therefore, ML-
assisted techniques not only enhance robustness and replicability of behavioral phenotyping results but also promote the principle

of reducing animal numbers in future studies.

Translational Psychiatry (2025)15:304; https://doi.org/10.1038/s41398-025-03546-6

INTRODUCTION

In 1959, the book “The Principles of Humane Experimental
Technique” by William Russell and Rex Burch formally introduced
the 3R principles to minimize animal use and suffering [1]. The 3Rs
stand for Replacement, Reduction, and Refinement. While the
principle of Refinement, which focuses on improving animal
welfare, is widely accepted, the concepts of Replacement (utilizing
alternative experimental models) and Reduction (minimizing the
number of experimental animals) have remained highly con-
troversial within the scientific community [2-4].

The principle of Reduction in particular raises ethical dilemmas
as it creates a conflict between maintaining scientific rigor and
minimizing animal usage [4]. Statistically underpowered animal
studies could lead to the misinterpretation of research results,
especially in the presence of high biological variability often seen
in biomedical research, which necessitates larger experimental
groups for robust findings [5]. Therefore, the inherent conflict
between biological variability and the aim of minimizing animal
numbers poses significant obstacles to the implementation of the
Reduction principle. This challenge is particularly pronounced in
animal behavioral research where variability is notorious but,
nevertheless, integral and translationally valuable [6-8].

Recently, we developed a novel mouse model of trait anxiety [9]
that leverages inter-individual variability of conditioned freezing

responses combined with unsupervised clustering to phenotype
inbred mice according to their anxiety trait. We demonstrated
high construct and face validities of our model and showed that
sustained freezing during prolonged memory retrieval sessions is
an anxiety-endophenotype behavioral marker in female and male
mice. The applicability of our experimental pipeline to both sexes
is an important advantage, which helps to reduce the number of
surplus animals. Furthermore, we directly addressed the sex-bias
in translational research where female subjects have been severely
underrepresented in experimental designs [10, 11]. To foster the
replicability of our findings and enable the transfer of our pipeline
to independent laboratories, we also implemented an Rshiny tool
that provides an easy-to-use and transparent implementation of
our multivariate statistical analysis framework [12].

However, achieving robust clustering of animals required
relatively large sample sizes (n = 30-40), which could potentially
limit the applicability of our pipeline. This restriction makes it
particularly challenging to implement our model in mechanistic
studies that cannot accommodate such large numbers of animals
simultaneously.

To overcome these limitations, our current study utilized
behavioral measures from 470 animals that had previously
undergone our behavioral paradigm. We pooled data from several
independent experiments to develop and validate sex-specific
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supervised machine learning (ML) models capable of accurately
classifying mice into sustained and phasic freezing phenotypes.
Importantly, once models have been trained, their performance is
independent of sample sizes in new animal cohorts. This approach
thus not only enhances the replicability of future experiments but
also aligns with the Reduction principle by enabling even single-
animal-level classification.

RESULTS

Obtaining labeled training data for supervised ML from
multiple animal cohorts

In our foundational work on establishing a behavioral pipeline to
study trait anxiety in female and male inbred mice, we employed
auditory aversive conditioning (AAC) protocols with prolonged
memory retrieval (MR) sessions [9]. Extending conditioned
stimulus (CS) presentation to 6 min instead of commonly used
brief CS exposures of 30 s unlocked a range of freezing responses
that allowed us to cluster animals into sustained and phasic
responders based on their individual freezing behavior. To capture
its dynamics, the freezing response during retrieval session was
analyzed in 30-s time bins. We performed one MR session 24 h and
the second MR session either 48 h or on day 28 after conditioning
(Fig. 1a). Originally, each experimental batch was clustered
separately using Gaussian mixture models (GMM). To obtain more
reliable estimates of the population-level freezing response
distributions, we therefore decided to pool data from multiple
experimental cohorts together and repeat the clustering proce-
dure (Fig. 1a). Consequently, we used data from 5 female and 8
male experimental batches (Supplementary Table 1).

In agreement with our previous results [9], we observed
consistently higher freezing values in females compared to males
in MR1 (Fig. 1b) and MR2 (Supplementary Fig. 1a). Furthermore,
average sustained freezing (the last 3.5 min of CS presentation),
identified as the main behavioral readout reflecting the animal’s
anxiety trait [9], exhibited a right-skewed distribution towards
lower values in male mice. In contrast, females showed a wider
spread across the range of sustained freezing values (Fig. 1c,
Supplementary Fig. 1b). These consistent sex-related differences in
freezing behavior across multiple animal cohorts justified fitting
separate models to assign female and male mice to distinct
freezing phenotypes.

To this end, we employed our previously described strategy [9].
First, we utilized log-linear regression to model the freezing
response of each animal during CS presentation (Fig. 1d, g;
Supplementary Fig. 1c, f). Next, we employed GMM clustering
using the intercept and slope (decay rate of freezing) of the fitted
freezing curve as well as the average freezing response during the
last 3.5 min of CS presentation, that we previously defined as
sustained phase of the freezing response. Thus, we obtained two
distinct subgroups of mice for each sex and MR (Fig. 1e, h;
Supplementary Fig. 1d, g). Sustained responders were associated
with significantly higher freezing during MR1 and MR2 for both
sexes compared to phasic responders (Fig. 1f, i; Supplementary
Fig. 1e, h). Differences were especially pronounced in the
sustained phase of the freezing response during the last 3.5 min
of CS presentation, where we already previously observed the
highest inter-individual variability [9].

Assessing clustering stability

While we pooled multiple animal cohorts in an effort to reliably
model the population-level freezing response distributions, our
clustering into sustained and phasic responders could still be
influenced by sampling error. Therefore, we employed a bootstrap
sampling procedure to ascertain the validity and robustness of our
clustering results. To this end, we drew 200 random samples with
replacement for female and male mice at MR1 and MR2 (see
Methods) and compared clusters to the original phenotype
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assignment. Notably, we observed highly similar average freezing
curves for sustained and phasic female and male mice in the
bootstrap samples at MR1 (Fig. 2a, b, d, ) and MR2 (Supplemen-
tary Fig. 2a, b, d, e). Furthermore, average freezing remained
higher for sustained compared to phasic responders even in the
bootstrap samples. Next, we calculated the Jaccard index (see
Methods) to investigate how often each animal retained its original
cluster assignment in the bootstrap samples. We observed highly
robust clustering results for female sustained and phasic
responders at both MR1 (Fig. 2c) and MR2 (Supplementary Fig.
2¢) as indicated by median Jaccard index values higher than 0.99.
In contrast, we detected a higher variability and slightly lower
median Jaccard index values for males compared to females at
MR1 (Fig. 2f) and MR2 (Supplementary Fig. 2f). However, at the
median, male animals also retained their original cluster assign-
ment in more than 89% of the cases. These results clearly
indicated that our animal cohorts reliably reflect population-level
freezing distributions and clustering into sustained and phasic
responders remains robust towards sampling errors for both
female and male mice.

Training supervised ML models to assign mice to sustained
and phasic freezing phenotypes

Having demonstrated that pooling multiple experimental cohorts
together results in stable clusters, we proceeded to use these
labeled data to train supervised ML models. Notably, assigning
mice to sustained and phasic phenotypes using ML classifiers
trained on this larger dataset should produce more stable and
reliable results in contrast to de novo clustering experimental
batches separately in new experiments that could still be
influenced by the sample size.

For model training, we utilized several well-established ML
algorithms including support vector machines (SVM), logistic
regression, linear discriminant analysis (LDA) and random forests.
Since we applied our clustering procedure separately to each sex
and MR, we trained individual ML models for each distinct
experimental set-up. To evaluate the performance of the ML
models, we split the labeled datasets into training and test sets
with a ratio of 70:30%, respectively. However, we observed high
variances between different training iterations, which is likely due
to the limited sample sizes of the training sets. To address this
issue, we performed 1000 iterations of randomly partitioning the
dataset into training and test splits, which is a method known as
Monte Carlo cross-validation [13]. Thus, we aimed at obtaining
more robust estimates of each ML model’s performance by
averaging the respective performance metric over all cross-
validation iterations.

Remarkably, all ML models yielded high average accuracies
exceeding 90% for each experimental scenario. Interestingly, ML
models trained on data from female animals resulted in higher
average accuracies than models trained on male animals for both
MR sessions (Fig. 3a-d). Furthermore, models trained with MR2
datasets showed higher average accuracies than those trained
with MR1 datasets for both sexes. Notably, for all scenarios except
for male animals at MR1, several iterations reached perfect
classification accuracies of 100%. For both female MR1 and MR2
training datasets, logistic regression yielded the highest average
accuracy (Supplementary Table 2). For male animals, the random
forest model and the SYM model with a linear kernel showed the
highest average accuracy for MR1 and MR2, respectively. Based on
this evaluation, we selected the best performing ML models (Table
1) and subsequently trained them using the complete respective
dataset for further use in our study.

Performance of ML models on independent animal batches

To assess whether the performance of our ML classifiers
generalizes to independent data from different mouse lines, we
used a batch (FC85) of 38 female Arc-nuGFP animals (Methods)

Translational Psychiatry (2025)15:304
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Fig. 1 Clustering multiple pooled batches of female and male mice into sustained and phasic responders following auditory aversive
conditioning. a Schematic representation of the study. b Average freezing responses of female compared to male mice during memory
retrieval (MR) 1. ¢ Histogram of average freezing responses during the last 3.5 min of cued stimulus (CS) presentation (bins 18-24) in MR1 for
female and male mice. d Fitted freezing curves for sustained and phasic female responders during CS presentation in MR1. Fitted curves based
on group average responses are indicated by thicker lines. R%-values correspond to the goodness-of-fit for the average fitted responses.
e Bivariate scatter plots showing clustering of sustained and phasic female responders including 95% confidence ellipses around each cluster.
f Freezing responses of sustained and phasic female responders during MR1. Average freezing responses are indicated by thicker lines
whereas individual animal freezing curves are shown with lighter colors. g Fitted freezing curves for sustained and phasic male responders
during CS presentation in MR1. Fitted curves based on group average responses are indicated by thicker lines. R*-values correspond to the
goodness-of-fit for the average fitted responses. h Bivariate scatter plots showing clustering of sustained and phasic male responders
including 95% confidence ellipses around each cluster. i Freezing responses of sustained and phasic male responders during MR1. Average
freezing responses are indicated by thicker lines whereas individual animal freezing curves are shown with lighter colors. The time bins of
cued stimulus (CS) presentation are colored in green (bins 13-17, first 2.5 min of CS presentation) and magenta (bins 18-24, last 3.5 min of CS
presentation) in b, d, f, g, and i, corresponding to the phasic and sustained component of the freezing curve as described in Kovlyagina et al.
[9] Values are shown as mean + standard error of the mean in b, f and i. *** p < 0.001, **p < 0.01, *p < 0.05, linear mixed effect models followed
by post-hoc comparisons of model means for female vs. male mice in b or sustained vs. phasic responders in f and i. N =168 females
(78 sustained and 90 phasic), n =224 males (136 phasic and 88 sustained).
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memory retrieval (MR) 1. Average freezing values for male phasic (d) and sustained responders (e) during MR1. Grey lines correspond to
average freezing responses of 200 bootstrap samples drawn from the original data with replacement separately for female and male animals.
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males = 136, n sustained males = 88.

that was not included in the pooled clustering and ML model
training steps. FC85 females were subjected to our standard AAC
pipeline and MRs were performed on day 2 and day 39.
Subsequently, we used individual freezing parameters to assign
mice to a sustained or phasic phenotype employing both our
original clustering procedure and our supervised ML models.
Notably, we observed an almost perfect agreement between both
approaches for MR1 (Fig. 4a—c) and MR2 (Supplementary Fig. 3a—c)
as also indicated by high Cohen'’s kappa values greater than 0.885
(Fig. 4c, Supplementary Fig. 3c). Indeed, only two animals for both
MR1 and MR2, respectively, were assigned to a different group
using our ML classifier compared to standard GMM clustering.
While clustering and classification results were highly con-
cordant, one significant advantage of ML models is that once they
have been trained using a sufficiently large data set, their
classification performance on new data is independent of sample
size. In contrast, clustering results can quickly become unstable
with small samples when de novo clustering is performed each
time in independent animal cohorts. To further investigate this
phenomenon empirically, we employed a subsampling procedure.
In 1000 iterations, we drew subsamples of the female and male
mice used for ML model training of varying sizes starting from 100
animals and going down to 5 animals. For each subsample, we
then clustered animals into sustained and phasic responders and
compared the average accuracy to the clustering results obtained
with the total animal population. We observed a substantial drop
in accuracy as subsample sizes decreased for both female and
male animals in MR1 and MR2 (Fig. 4d, left). Next, we applied the
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same strategy with our pre-trained ML models. The performance
remained unaffected by sample size as indicated by the uniformly
high accuracy values (Fig. 4d, right). To address the bias that we
tested the ML models on the data that was used for training, we
performed the subsampling procedure with the independent
batch (FC85) with subsample sizes ranging from 38 to 3 animals.
Again, we observed a substantial decline in clustering accuracy for
smaller samples. In contrast, the ML classifier maintained
uniformly high accuracy around 0.95 across all sample sizes (Fig.
4e). These results clearly demonstrated the advantage of using
pre-trained ML models to assign animals to sustained and phasic
responders and highlighted the potential for substantial reduction
of sample sizes in future experiments, supporting the 3R principles
in animal research.

ML classification into sustained and phasic responders
remains robust towards AAC protocol modifications and batch
variability

In our original AAC protocol, we had two training sessions that
were performed within 5h of each other. To assess whether a
single training session could still induce inter-individual variability
and similar group-level freezing responses, we modified the
conditioning protocol and tested it on a batch of 40 female mice
(FC87, Fig. 5a).

Average freezing behavior of FC87 females was consistently
lower at MR1 (Fig. 5¢) and MR2 (Fig. 5d) compared to the ML
training batches. Notably, we also observed significantly lower
freezing on the adaptation day (Fig. 5b), suggesting that not only

Translational Psychiatry (2025)15:304
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Fig. 3 Accuracy of machine learning models to assign female and male mice to sustained and phasic freezing phenotypes. a-d Boxplots
showing accuracies of different machine learning models to classify female and male mice into sustained and phasic phenotypes during
memory retrieval (MR) 1 or 2. SVM: support vector machine, LDA: linear discriminant analysis. Model accuracies were calculated by subsetting
the data in random training and test splits with a ratio of 70:30% over 1000 iterations. In each iteration the model was trained on the training
data set; the respective accuracy was calculated on the test data set. N = 168 females, n = 224 males for MR1; n = 144 females, n = 180 males

for MR2.

Table 1. Optimal supervised ML models for classifying female and
male mice into sustained and phasic phenotypes for memory retrieval
(MR) 1 and MR2.

Sex Retrieval Best performing model
Females MR1 logistic regression
Females MR2 logistic regression
Males MR1 random forest

Males MR2 SVM

The optimal model for each scenario was selected based on performance
criteria including accuracy, specificity and sensitivity.

the AAC protocol modifications but also batch-specific variability
influenced the freezing behavior of FC87 females.

To investigate the impact of these variations in our phenotyping
procedure, we applied our standard clustering methods as well as
our supervised ML classifiers to assign FC87 female mice into
sustained and phasic responders. Interestingly, we observed high
concordance of phenotyping results at MR1 with only one animal
allocated differently between both approaches (Fig. 5e, f).
However, clustering and ML classification differed drastically at

Translational Psychiatry (2025)15:304

MR2 (Fig. 5g, h). While batch-specific clustering produced two
balanced groups, ML classification only assigned three animals to
the sustained group. To further explore these discrepancies, we
overlayed the confidence ellipses for the sustained and phasic
groups derived from the female batches used for training the ML
model (Fig. 5e-h, solid color confidence ellipses). FC87 batch-
specific clustering at MR1 displayed similar distributions to the ML
training batches. However, at MR2, FC87 clusters deviated
substantially from the ML training batches, thereby highlighting
the disparity between clustering and ML classification.

These results clearly demonstrated the benefits of using pre-
trained supervised ML models for classifying animals into
sustained and phasic responders. In the presence of protocol
modifications or batch variability that cause shifts in the freezing
response distributions, our ML classifiers provide robust assign-
ment of mice to phenotypes that remain comparable across
multiple animal cohorts.

R package

To facilitate a consistent and reproducible utilization of our
methods in future studies, we developed an R package -
anxiotraitR available at https://github.com/johannesmiedema/
anxiotraitR. The package takes freezing data obtained from our

SPRINGER NATURE
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on FC85. Data are shown as mean * standard error of the mean in (d) and (e). n =38 in (a), (b), (c).

behavioral pipeline [9] as input and uses our best performing ML
classifiers depending on sex and MR (Table 1) to allocate animals
to sustained and phasic responders. Furthermore, we implemen-
ted the option to include additional data if they become available
and use them to retrain the ML classifiers. This feature enables the
continuous improvement and further refinement of our proposed
models.

DISCUSSION

Resolving latent behavioral phenotypes remains a challenging
task in animal studies, hampered by substantial variability in
individual responses and high dimensionality of the data. The
bigger sample sizes that such analyses inherently require are,
however, in conflict with animal welfare principles. In our current
study, we trained supervised ML models using pooled data from
multiple cohorts to classify mice to sustained and phasic freezing
phenotypes in a sex-specific manner. Our models showed high
classification accuracy for independent data sets and their
performance remained robust to modifications of the experi-
mental pipeline.

Behavioral neuroscience studies typically utilize animals with
identical genetic background. Although inbred lines are expected
to minimize phenotypic variation, significant inter-individual
differences in trait expression persist [8, 14-16]. Particularly in
the context of translational research of fear and anxiety disorders,

SPRINGER NATURE

highly variable unconditioned and conditioned responses to
threats have been reported [6, 17-19]. Failing to incorporate this
factor in the research design and the analysis of behavioral data
may negatively impact statistical power and replicability of results
[5, 20]. In our previous study, we aimed at developing a
translationally-relevant animal model of trait anxiety [9]. To this
end, we harnessed the inter-individual variability in conditioned
freezing responses to assign animals to distinct anxiety endophe-
notypes - sustained and phasic responders. Our model not only
more accurately captures the variation in disease susceptibility
and symptomatology of behavioral pathologies in humans
[21-23] but also offers advantages from a statistical point of view.
Modelling the spectrum of freezing responses as a systematic
factor rather than random noise and identifying more homo-
genous subgroups in the general population of animals might
offer an increased sensitivity to detect the effect of experimental
manipulations or pharmacological treatments [20].

In addition to inter-individual variability of behavioral
responses, high dimensionality of the data presents another
major challenge in animal behavioral research. The advent of
automatic tracking systems has enabled continuous monitoring of
animals and the quantification of a vast number of behavioral
variables with an unprecedented resolution [24, 25]. Data-driven
approaches then rely on sophisticated deep learning architectures
to elucidate distinct phenotypes or extract meaningful patterns
from the multi-dimensional feature space [26-29]. However,

Translational Psychiatry (2025)15:304
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and n =142 in the ML training batches. AAC auditory aversive conditioning.

training highly complex models based on limited sample sizes
poses the risk of overfitting. Furthermore, increasing the number
of measurements requires multiple testing adjustments to reduce
the likelihood of false positive results. To circumvent the issue of
multiple comparisons, von Zeigler and colleagues recently
developed a technique called behavioral flow analysis [30]. This
method combines clustering, supervised learning and dimension-
ality reduction to create a single composite measure for each
animal based on multiple behavioral readouts. The authors argue
that this approach increases statistical power to detect treatment
effects of pharmacological or experimental interventions. How-
ever, as with other purely data-driven approaches, interpretation
of model outputs is not trivial. Moreover, using non-linear
dimensionality reduction techniques such as UMAP [31] prohibits
correlating the composite score to the original behavioral
domains.

In contrast, we employed a conceptually different approach to
resolving latent freezing phenotypes. Rather than exclusively relying
on a data-driven strategy, we grounded our experimental pipeline in
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a well-established theoretical framework: the threat imminence
continuum theory [32]. Consequently, we postulated that the
individuality of freezing responses reflects the animal’s subjective
perception of a threat along the imminence continuum. Correlation
with performance in approach-avoidance tests demonstrated that
freezing serves as a robust and replicable behavioral marker of mouse
trait anxiety that can be leveraged to assign inbred mice to distinct
anxiety endophenotypes [9]. However, our original approach relied on
clustering experimental batches separately which required bigger
sample sizes to obtain robust clustering results. Using a Monte-Carlo
subsampling simulation, we demonstrated that model accuracy
substantially dropped for smaller sample sizes (Fig. 4d, e). Further-
more, modifying our conditioning protocol to include one instead of
two training sessions led to a significant decrease in the average
freezing response. Subsequently, batch-specific clustering deviated
substantially from previous results (Fig. 5e-h). Thus, purely data-driven
clustering might reduce comparability and generalizability of our
inferred phenotypes across independent cohorts. We utilized GMM
clustering where results might be influenced by small sample sizes in
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several ways. For instance, parameter estimates of the multivariate
normal distributions underlying each cluster have a higher variance
and therefore might be statistically less reliable. Furthermore,
individual data points have a larger influence on parameter
estimation in smaller samples, making results more sensitive to
outliers [33]. In contrast, by using a bootstrapping approach, we
demonstrated that clustering results obtained from pooling multiple
animal batches remained robust (Fig. 2). Training supervised ML
models on these pooled data offers key advantages for future use of
our experimental pipeline. For example, the inferred sustained and
phasic groups are generalizable and comparable across independent
experiments. More importantly, our ML classifiers only depend on
group sizes in the initial training step and once trained, they retain
high classification accuracy irrespective of sample size in new cohorts
thus promoting the Reduction principle in animal research (Fig. 4d, e).
Future experiments adopting our experimental pipeline can therefore
focus on targeted phenotyping and characterization even of single
animals. By comparing freezing values from small samples against our
previously generated reference data, we can gain insights into the
magnitude of the sustained or phasic phenotypes by revealing where
each animal is placed in the population-level response distribution.
Furthermore, our R package anxiotraitR implements the option to
retrain the ML models whenever newly generated data exceed the
original dataset used for ML training, thus ensuring continuous
improvement of our models.

Another important advantage of our study is the sex-specificity
of our ML models to assign mice to sustained and phasic freezing
phenotypes. While women are more susceptible to anxiety and
mood disorders than men [34, 35], animal studies in neuroscience
have continuously excluded sex as a biological variable, mainly
focusing on males [36, 37]. In our study, females consistently
demonstrated increased freezing during MR sessions even when
we pooled independent animal cohorts obtained from different
breeding facilities. These systematic sex-related differences in the
multivariate freezing response distributions were also reflected by
distinct ML algorithms providing the best performance for females
compared to males (Table 1). The ability to classify both female
and male mice according to their trait anxiety enhances the
translational value of our model as this feature facilitates the study
of sex-specific mechanisms of behavioral pathologies or efficacy of
therapeutic interventions.

However, our testing and computational pipeline was developed
primarily using C57BL/6J mice in a single laboratory. While we
included animals from three different commercial providers and
replicated key findings in independent transgenic mouse lines bred
in-house, the generalizability of our approach to other laboratories
and mouse strains remains to be confirmed in future studies. To
enable independent research groups to directly apply and test our
methodology, we have made both the experimental procedures [9]
and computational tools [12] openly available. Furthermore, we have
implemented the option to retrain and improve our ML models as
new, more diverse data sets become available.

In summary, our study represents a significant advancement in
the application of ML techniques to reduce animal cohort sizes in
future research. By combining a validated behavioral testing
pipeline with a sex-specific ML classifier we offer a comprehensive
toolbox for mechanistic and pharmacological studies of trait
anxiety. Our approach not only enhances the precision of
phenotyping but also supports ethical considerations in animal
research by enabling robust analyses with fewer animals.

MATERIAL AND METHODS

Animals

All experiments were conducted following the European Community’s
Council Directive of 22 September 2010 (2010/63EU) and approved by the
Landesuntersuchungsamt of the State Rhineland-Palatinate, Germany; file
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numbers of ethical approvals: 23 177-07/G16-1-085, 23 177-07/G17-1-028,
and 23 177-07/G21-17-028. 8-9-week-old C57BL/6J mice were purchased
from the Charles River or Janvier breeding facilities and allowed to
habituate to the new facility for at least 3 weeks. For performance
generalizability evaluation, data from the reporter mouse line Arc-nuGFP
were used (batch FC85). Arc-nuGFP mice were generated by crossing
B6.Cg-Tg(Arc-cre/ERT2)MRhn/Cdny) mice (JAX Nr. 022357 [38]) with
B6.129-Gt(ROSA)26Sortm5(CAG-Sun1/sfGFP)Nat/J mice [39]. The Arc-
nuGFP batch was formed from the resulting double transgenic hetero-
zygous mice. Mice were group-housed in temperature- and humidity-
controlled rooms with a 12-h light-dark cycle. Water and food were
provided ad libitum. Animals were single-housed for 7 days before starting
behavioral experiments. All mice were at least 12 weeks old at the
beginning of testing. Behavioral tests were conducted during the
light phase.

Auditory aversive conditioning (AAC)

The AAC paradigm was performed as described in our previous study [9]
using an unpredictable conditioning protocol. Briefly, on day 0 (adapta-
tion), mice were habituated to context A (cylinder wrapped in
nontransparent paper, electric grid covered by the white plastic panel,
fresh bedding was used for each mouse, chambers were cleaned between
trials with water). Each mouse was placed in the cylinder and allowed to
explore freely for 3 or 6 min. Afterwards, mice were presented with a Tone
(6 min/10kHz, 75dB) and then left in the chambers for 3 or 6 more
minutes. On the next day (day 1), mice underwent AAC in context B
(transparent rectangular, electric grid not covered, chambers were cleaned
between trials with 1% acetic acid). We employed an unpredictable
conditioning protocol with a 2-min habituation, 4xCS (29s, 95, 195, 155/
10 kHz, 75 dB), ISl 30's; each CS was co-terminated with 1s 0.4 mA electric
foot shock. After the last shock, mice were left in the chambers for 30s.
Training was performed again 5 h later with an altered CS order (145, 195,
9, 29's). Memory retrieval sessions were performed in context A (cylinder
wrapped in nontransparent paper, electric grid covered by the white
plastic panel, fresh bedding was used for each mouse, chambers were
cleaned between trials with water) following the same protocol from
adaptation day. For adaptation, 0.5 s and for MRs, 1s freezing thresholds
were applied for final data analysis. While mice were not specifically
habituated to experimenters, we did not observe a significant experi-
menter effect [9]. The AAC paradigm was facilitated using TSE Multi
Conditioning chambers, series 256060 (TSE Systems GmbH, Bad Homburg,
Germany). Animals were video recorded and tracked automatically offline
using Ethovision 13 (Noldus, Wageningen, The Netherlands).

Modified AAC training protocol

To understand the influence of the second training session on the freezing
response, we modified the AAC paradigm by removing one training
session and applying 6 foot shocks in the first training instead. We
employed an unpredictable conditioning protocol with a 2-min habitua-
tion, 6xCS (29,95, 195, 1555, 145, 195/10 kHz, 75 dB), ISI 30 s; each CS was
co-terminated with 1 s 0.4 mA electric foot shock. After the last shock, mice
were left in the chambers for 30s. Adaptation and memory retrieval
sessions were performed according to standard protocols described above.

Clustering mice into sustained and phasic freezers

Log-linear regression analysis to model individual animal’s freezing
behavior and GMM clustering to separate mice into sustained and phasic
responders was performed following the same procedure as described in
detail in our previous study [9]. Briefly, we used log-linear regression to
model the freezing behavior of each animal during CS presentation in MR
sessions. We then used the intercept and slope of the fitted freezing curve
together with the average freezing during the last 3.5min of CS
presentation to cluster animals into sustained and phasic phenotypes.
Gaussian mixture model clustering was performed with the mclust [40]
package v6.0.1. A total of 168 female mice from five different batches were
pooled together for clustering following MR1. For MR2 analysis, 144 female
animals from four different batches were used. Furthermore, 224 male
mice from nine different batches were pooled together for clustering after
MR1. For MR2 analysis, two batches were excluded due to missing MR2
freezing values, therefore 180 male animals from seven different batches
were used. An overview of all animal batches is available in Supplementary
Table 1.
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Bootstrap evaluation of clustering stability

To evaluate the validity and stability of our clustering approach, we applied
a bootstrapping procedure as described by van der Goot and colleagues
[20]. For each sex and MR, we drew 200 random samples with replacement
with n equal to the size of the original sample. We then assessed the
similarity of cluster composition between bootstrap samples and our
original analysis by calculating the Jaccard index for each animal:

number of times in original cluster
total nuber of boostrap samples including mouse;

Jaccard indexmoyse, =

The overall cluster stability was then determined by comparing median
Jaccard indices for each cluster.

ML model training

Labelled freezing data obtained from our previously described GMM clustering
were used to train ML-models separately for female and male animals. To
assign mice to sustained and phasic phenotypes using MR1 or MR2 data, the
following binary classification algorithms were employed: support vector
machines (SVM) with linear and radial kernels, logistic regression, linear
discriminant analysis (LDA) and random forests, using the R packages e1071
v1.7.14, base v4.3.2, MASS [41] v7.3.60.0.1 and randomForest [42] v4.7.1.1,
respectively. The intercept and regression coefficient of the fitted freezing
curve of each animal from the log-linear regression model as well as the
average freezing during the last 3.5 min of CS presentation in the MR sessions
were used as input features for the ML algorithms.

ML model performance evaluation

To evaluate the performance of different ML-models, the data were split
randomly into a training and test set with a ratio of 70:30%. Performance
metrics such as accuracy, sensitivity, specificity and F1 were then
calculated using the caret [43] package v6.0.94. AUROC measurements
were obtained using the pROC [44] package v1.18.5. With true positives
(TN), false positives (FP), true negatives (TN) and false negatives (FN), the
accuracy, sensitivity, specificity and F1-scores were calculated using the
following formulas:

Accuracy = TP+ N
Y TIPrINT FP L FN
Sensitivity = LLi
YTIPrEN
™
Specificity = ——
pecificity = = =
TP

1=
TP + 0.5 * (FP + FN)

We observed high variance between the metrics in different iterations of
the training and test split. Thus, we employed Monte Carlo cross-validation
[13] with 1000 iterations to obtain more stable estimates of the
performance metrics. This method can be used to validate models that
have been trained on datasets with small samples sizes. The final estimate
for the respective metric was calculated as the mean over the 1000
iterations:

1000

1
metric = —— metric;
wmg; ‘

R package implementation

To facilitate reproducibility and ease-of-use, we incorporated the best
performing predictive models for each experimental set-up (Table 1) in an R
package anxiotraitR, available at: https:/github.com/johannesmiedema/
anxiotraitR. For the implementation and development of anxiotraitR, the
packages roxygen2 v7.3.1 and devtools v2.4.5 were used.

Testing performance of ML models on independent batches
To evaluate our ML classifiers’ performance on independent data, we used
two batches (FC85 and FC87) of female animals that were not included in
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training the ML models. To directly compare the classification results with
the original clustering approach, we first clustered animals from each
batch separately, using log-linear regression and GMM clustering as
described above. Then we produced confusion matrices to assess the
agreement of the clustering and ML classification results using the caret
[43] package v6.0.94. Furthermore, we calculated Cohen'’s kappa as a
measure of concordance using DescTools v0.99.54.

Evaluating the effect of sample size on clustering results

We employed a Monte-Carlo subsampling strategy to demonstrate the
effect of sample size on clustering results. In 1000 iterations, we drew
random subsamples for each sex and MR session from the labeled dataset
used for ML-model training. Subsequently, for each subsampling step, the
accuracy of clustering results in the random subsample versus the
clustering results using the whole dataset was calculated. The mean
accuracy over all iterations for each subsample size was then visualized
with ggplot2 v3.4.4. Furthermore, we performed the same procedure with
the independent batch FC85, using the clustering results with all animals
from this batch as the ground truth for calculating clustering accuracy. We
also performed classification on the respective subsamples using our pre-
trained supervised ML models and calculated classification accuracy over
all subsampling iterations.

Statistical analysis

Group comparisons of average freezing values over time between
sustained and phasic freezers or male and female animals were facilitated
using linear mixed effects models as implemented in the Ime4 [45]
package v1.1.35.1. Pairwise comparisons of model means were performed
using the emmeans package v1.10.0. Two-tailed p-values <=0.05 were
considered statistically significant. Results were visualized with ggplot2
v3.4.4.

DATA AVAILABILITY

The data used for model training as well as the corresponding code are included in
the anxiotraitR R package, available on GitHub: https://github.com/
johannesmiedema/anxiotraitR.
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