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AI-driven decoding of naturalistic behaviors
enables tailored detection of depressive-like
behavior in mice

Hyeonsik Oh 1,8, Sian Choi 1,8, Jinsu Lee 2,3, Heeyoung Lee 1,
Jongpil Shin 1, Seungkyu Son4, Bobae Hyeon 1,5 & Won Do Heo 1,6,7

Major depressive disorder (MDD) is an etiologically diverse psychiatric disease
with heterogeneous manifestations, making it difficult to diagnose with con-
ventional assessment standards. In addition, the obvious incompatibility of the
standard survey-based tests for human MDD and the behavioral assays for
depressive-like phenotypes in mice makes clear the requirement for a non-
invasive method for quantifying the expression of depressive-like state in
naturalistic contexts. Here, we introduce a self-supervised machine learning
platform, CLOSER (Contrastive Learning-based Observer-free analysis of
Spontaneous behavior for Ethogram Representation), to monitor the sponta-
neous behavior in a depressive disease model with enhanced precision, relia-
bility, and efficiency. This framework incorporates 3D pose skeleton data and
kinematic features in a unique data augmentation strategy to characterize
semantic behavioral syllables with a high-quality feature space. Using CLOSER,
weuncovered distinctmotion profiles in chronically stressedmice across both
sexes and different disease stages. Furthermore, we quantified the drug-
specific recovery of psychomotor symptoms, highlighting CLOSER’s dis-
criminative power for identifying drug efficacy. In offering an artificial intelli-
gence (AI)-driven decoding of exploratory behaviors, CLOSER proposes the
standardization of depressive-like phenotype assessment in mouse models,
thereby bridging preclinical and clinical diagnostics for psychiatric drug
discovery.

Major depressive disorder (MDD) is a stress-induced disorder asso-
ciatedwith persistent feelings of sadness and loss of interest. MDD has
diverse causes, including stress, and is associated with an elevated risk
of developing a host of other severe medical disorders. Despite its
prevalence across the world, the heterogeneity ofMDD symptoms and

their severity in patients of different ages and genders constrains the
therapeutic effectiveness of pharmacological interventions1,2.
Recently, researchers have tried to discriminate genetic and patho-
physiological depression subtypes, while little attempt has beenmade
to classify depressive episodes according to the motion parameters,
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which are the symbolic symptomsof psychiatric diseases3–6.We aimed,
therefore, to develop a diagnostic module encompassing the hetero-
geneity of depression for use in symptom-based antidepressant drug
discovery.

Traditional behavioral screening tests in rodents (e.g., the tail
suspension test (TST), forced swim test (FST), and sucrose preference
test) have been used to evaluate depressive-like symptoms that are
affected by stress exposure and antidepressant treatment. Unfortu-
nately, they show low construct validity7, making them incapable of
reflecting the complex psychiatric symptoms and prognoses of MDD.
The highly controlled environments and oversimplified conditions
used to elicit non-spontaneous behaviors in these tests have limited
the development of the most common antidepressants, resulting in
high false positive rates for novel antidepressant discovery8,9. More-
over, the over-reliance of the tests on manual scoring introduces
subjectivity and inter-observer variability, further limiting the accuracy
and reproducibility of depressive disorders models10.

In human mental diseases, the motion-associated symptoms, or
psychomotor activity, have been assessed through behavioral obser-
vation of limbmovements, trunk posture, voice, facial expression, and
eye movements5, in parallel with identifications of circuital and func-
tional connectivity between the amygdala and motor cortex11–14. For
rodents, the machine learning approaches (both supervised and
unsupervised learning) have started to distinguish the psychiatric state
of mice with distinct motion features, decomposing behavioral struc-
tures induced by genetic manipulation or antipsychotics15–17. In gen-
eral, the supervised method trains the machine to provide a theory-
driven classification for the reproduction of human annotation, while
the performance of such models is strongly limited because the
supervised classifier can never outperform human perception18. The
alternative approach is a data-driven method that mathematically
organizes behavior syllables to preserve the natural principle of a
motion sequence19. The major advantage of the unsupervised
approach is the ability to uncover hidden behavioral patterns without
human intervention. A popular unsupervised algorithm, contrastive
learning, is a self-supervised model that learns behavioral representa-
tions to capture relevant features in the data20–22, by contrasting pairs
of augmented views from the same sample against unrelated negative
samples. During the training process of contrastive learning, data
augmentation compels the machine to generate discriminative
representations such that similar data pairs are located near one
another in the embedding space. Importantly, contrastive learning
semantically strengthens unsupervised approaches bymodulating the
combination of appropriate augmentations to capture invariance in
behavioral data.

Therefore, we present Contrastive Learning-based Observer-
free analysis of Spontaneous behavior for Ethogram Representation
(CLOSER), a platform for scalable measurement of exploratory
behaviors in depressive disorder model mice, employing 3D skele-
ton coordinates obtained from the precise motion recognition
framework, AVATAR23. Trained on both 3D action skeleton coordi-
nates and kinematic features, CLOSER surpasses the quality of
embedding structures produced by current unsupervised pose
estimation algorithms and shows improved predictive performance
for manually annotated behavior datasets. Using CLOSER, we
identified motion profiles for spontaneous movements in depres-
sive mouse models that are affected by sex and disease severity.
This discovery permits the computational evaluation of depressive
behaviors with consideration for symptom variance between dis-
tinct cohorts. Finally, our study demonstrates that CLOSER
accomplished a pivotal improvement in the identification of dis-
tinctive signatures for monoaminergic and non-monoaminergic
antidepressants in naturalistic behavior, facilitating the interpreta-
tion of behavioral data required in future preclinical screens for new
psychiatric drugs.

Results
Self-supervised learning of mouse exploratory behaviors using
3D action skeleton representations
To assess mouse behavioral structure in a quantitative manner, we
constructed a contrastive learningmodule leveraging adistillation that
interchanges information learned from joint andmotionmodalities to
acquire both allocentric (global) and egocentric (local) action skeletal
knowledge from recorded video in AVATAR studio (Fig. 1a). The
module was trained with a motion dataset established by shifting a 10-
frame-long sliding window through the recorded videos one frame (or
about 33 msec) at a time. Since our model learns the characteristic
invariances of mouse behavior by capturing semantic similarities from
two augmented views (positive pairs), we conducted an ablation study
for eight different combinations of augmentation strategies to opti-
mize the feature space of the behavior sequence (Supplementary
Table 1). In the estimation ofmodel prediction accuracy, the algorithm
incorporating size scaling, joint angle distortion, motion crop, and x-
or y-axis mask presented the best performance on all evaluation
metrics for the classification of manually labeled mouse behavior
segments. We observed that reported augmentation sets optimized
for human 3D skeleton representations produced relatively low accu-
racy (Supplementary Table 1, column a), suggesting human andmouse
behaviors exhibit distinct semantic invariance.

Next, to evaluate the geometric variance of latent spaces across
multiple augmentation strategies, we measured Pearson correlation
coefficients for representations of 13 manually labeled behaviors
(Supplementary Table 2) in an unseen human dataset to compare
within- (or intra-) and between (or inter)-cluster relationships (Sup-
plementary Fig. 1). A coefficient of +1 or −1 denotes perfect positive or
negative linear association, respectively, while 0 indicates no linear
relationship. We found that augmentation schemes with superior
classification accuracy also exhibited stronger intra-cluster correlation
than inter-cluster correlation. Importantly, our mouse-optimized
augmentation yielded enhanced embedding for grooming behaviors
(clusters 6 and 7) compared with augmentation combinations lacking
channel masking (strategy 3) or scaling (strategy 2), highlighting the
necessity of a complete augmentation strategy for mouse behavior
latent structures.

To determine and categorize behavioral syllables, which are
minimal motion units involving ethological context, we leveraged
K-means clustering in 128 dimensions to partition behavior segments
into 50clusters. Then, a cluster label for each framewas determinedby
majority voting on candidates assigned from respective sliding win-
dows at the first learning step (Fig. 1a). Given the continuous nature of
mouse behavior, a behavioral syllable was denoted as a consecutive
frame with the same cluster label. For validation of temporal seg-
mentation, we monitored whether the dissection of a postural
sequence captured the temporal dynamics of behavior shifts fromone
motion to another by utilizing a keypoint change-score, which high-
lighted the robust shift within the 3D action skeleton. Observing the
transition of behavior motifs longer than 10 frames (or about 330
msec) with z-scored keypoint change scores, we found that the start
frame (0% frame fraction) recorded the maximal change-score com-
pared to 50% frame fractions in either direction, which matched the
change-point of keypoint-MoSeq, the existing unsupervised motion
analysis frameworks, and manually annotated segments (Fig. 2a). The
duration of the defined clusters (17.69 ± 24.58 frame, 590 ± 819ms)
was slightly shorter than both the manually defined behavior syllables
(28.78 ± 25.83 frame, 959± 861ms) and segments created by keypoint-
MoSeq (27.93 ± 34.95 frame, 931 ± 1165ms) but longer than those
created by Variational Animal Motion Embedding (VAME) (7.75 ± 12.52
frame, 258 ± 417ms) (Fig. 2b), while also satisfying the length
requirement for general sub-second behavior motifs (< 500ms)18.

To estimate whether the models could follow the criteria of
human annotation, we evaluated the prediction power of five
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individualmethodson thediscrimination of labeled behaviors through
k-nearest neighbor (k-NN) probing, a reliable indicator of downstream
task performance24 (Fig. 2c). In benchmarking, we compared VAME
trained for 20 epochs (to match CLOSER) against the default 500-
epoch setting and employed the default setting, achieving optimal
performance, although the improvement over 20 epochswasmarginal
(Supplementary Fig. 2). Moreover, since keypoint-MoSeq employs an
HMM that learns transition probabilities between states, behavioral
syllables IDs, and emission probabilities from a given 13-dimensional
Principal Component Analysis (PCA) projection of motion sequences,
we leveraged 270-dimension representation with 13-dimension PCA
and Uniform Manifold Approximation and Projection (UMAP)
embedding for 10-frame length behavioral segments, instead of
keypoint-MoSeq. In behavioral classification, CLOSER provided the
highest balanced (66%) and top-1 accuracy (55%), accompanied by
consistently strong precision, recall, and F1 score. For further intrinsic
evaluation of embedding spaces, we computed the Pearson correla-
tion, which quantifies the strength and direction of the linear rela-
tionship between two behavioral segments. Using this method, we
evaluated intra- and inter-cluster correlation coefficients for manually
annotated behaviors within the latent spaces of multiple embedding
strategies (Supplementary Fig. 3). These results demonstrated that
CLOSER consistently yielded higher intra-cluster correlations than

inter-cluster correlations, signifying superior embedding quality
compared to all other algorithms. Among alternative methods, UMAP
achieved the second-highest quality of embedding structure, whereas
VAME produced relatively high correlations in both intra- and inter-
cluster, indicating limitations in discriminative ability.

We then applied the dimensionality reduction algorithm,UMAP, to
visualize the structure of feature space for CLOSER (Fig. 2d). This result
implied that 128-dimensional behavior representations are well-
organized even in two-dimensional (2D) space, with explicit compart-
mentalization of embedding space for individual behavioral clusters.
Next, to determine if the resulting clusters comprisedbehavior syllables
with uniform ethological contexts, we examined the embedding
structures and kinematic features of the clusterswith strong annotation
as representative compositional behaviors, such as walking, turning,
rearing up, and rearing down (Fig. 2e). Notably, behavioral clusters
classified in the same groups closely distributed with unique cluster
areas. When we extracted the moved distance, head-body angle, and
nose height from the 3D pose skeleton, each cluster class showed
motion hallmarks appropriate for its corresponding behavior label
(Fig. 2f–i). These model qualifications with typical postural phenotypes
demonstrate that CLOSER produces a fine characterization of sub-
secondmotion segments containingmeaningful behavioral sequences,
which is a fundamental building block of the mouse ethogram.
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Fig. 1 | CLOSER workflow for self-supervised learning recognizing motion
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To determine whether the latent space of CLOSER learned to rely
on pose dynamics rather than confounding variables, we assessed
mouse‑size robustness in CLOSER and benchmarking pipelines, the
former having received explicit scaling augmentation. Eightymale and
female mice were binned into five weight groups, from 18 × g upward
in 2‑g steps, and we extracted embedding vectors in non‑overlapping
100‑frame strides for all mice. These embedding vectors were used as
inputs to a Random Forest classifier trained with fivefold validation to
predict weight group. CLOSER yielded the lowest accuracy, precision,

recall, and F1 scores among all algorithms (Supplementary Fig. 4),
indicating that weight information is the hardest to extract from its
latent space and confirming that the scaling augmentation effectively
enforces size invariance in mouse behavioral segmentation.

Chronic unpredictable stress (CUS) induces typical depressive-
like behaviors in mice in a sex-dependent manner
While chronic stress is known to modify the behavior of mice in a sex-
dependent manner, most studies have included only a partial
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examination of depressive-like phenotypes, requiring an array of
behavior tests to compare depressive behaviors in males and females.
To address this issue, we exposed male and female mice to 4 weeks of
CUS to generate an etiologically relevant depressive disorder model,
followed by an evaluation of depressive-like behaviors. In male CUS
mice, we observed a significant increase in immobility at TST and FST
(Fig. 3a, b, left) anddecrease in sucrosepreference (Fig. 3c, left), aswell

as a decrease in body weight (Fig. 3d). Although female CUS mice
showed reduced sucrose preference (Fig. 3c, right) and a notable loss
of bodyweight (Fig. 3d),wedetected immobility increaseonlywith the
FST, not the TST (Fig. 3a, b, right). The reduced appearance of stress-
related behavior in females during TST sessions may be attributed to
hormonal influences associated with estrous cycle fluctuations, which
were not measured in this experiment. When we evaluated motor
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activity, we did not see any critical changes as a result of stress
(Fig. 3e, f).

The CLOSER pipeline tracks the sex-specific behavior of CUS
model mice in an open field
Rather than contribute to the current oversimplified model of
depressive-like symptoms, we traced sophisticated chronic stress-
induced behaviors of freely moving mice. To detect variations in the
spontaneous behavior of individualmice, we used the AVATAR system
to record mice at the beginning (0 weeks) and end (4 weeks) of the
CUS paradigm, followed by normalization of behaviors at four weeks
with the initial behavior frequency. Initially, we performed a Linear
Discriminant Analysis (LDA) to transform the syllable frequency and
transition summaries of five-minute intervals into a low-dimensional
subspace (Fig. 3g), which enhances the expressiveness of stress-
induced ethograms to address the sexual disparity. As LDA searches
the axes showing the best classification performance, the larger dis-
tances between samples from different classes indicate the higher
disparity in the original data25. The result revealed a divergence in the
summaries of syllable frequency between stressed male and female
mice. In contrast, syllable transition information converged from dis-
tinct embeddings, implying a discrete pattern of alteration in syllable
usage and bigram. Using these behavioral structures, wemeasured the
diagnostic accuracy of a random forest classifier trained by syllable
frequency or inter-syllable transitions (Fig. 3h). In both males and
females, CLOSER-identified syllables and sequences enabled the clas-
sifier to predict depressive disorder, with the sequence-trained deco-
der performing greater and suggesting larger changes in the temporal
dynamics than syllable usage with the CUS model. Thus, our behavior
analysis framework can extract fundamental motion features from
exploratory behaviors affected by stress exposure.

To further evaluate the efficiency of CLOSER in the detection of
depressive-like behavior, we applied the same analysis on male and
female groups using the syllable combinations identified by VAME and
keypoint-MoSeq. Classification accuracy indicated that CLOSER out-
performed VAME and keypoint-MoSeq in the male mice, achieving
superior predictive performance for both classifiers trained using
syllable frequency of transition (Supplementary Fig. 5a, b). In contrast,
for non-stressed and stressed females, the random forest classifier
leveraging syllable frequency from keypoint-MoSeq demonstrated
greater performance compared to other behavior recognition pipe-
lines (Supplementary Fig. 5c); nevertheless, the syllable transition
calculated by CLOSER consistently yielded the highest accuracy
(Supplementary Fig. 5d). Notably, behavioral deconstruction in males
offered higher classification rates than in females for all segmentation
methods, aligning with the observed sex-dimorphic alterations of
syllable frequency and transition (Fig. 3i, l).

Before interpreting the stress-induced changes in behavioral
structure, we annotated the clusters with one or two stereotyped

components while considering the discrete property of behavior. In
the hierarchical structure of defined behavior syllables, clusters
assigned analogous labels were located adjacent to one another in the
hierarchy table (Supplementary Fig. 6), for example, the “wall rear up”
clusters (clusters 49, 8, and 34), revealing the strong proximity of
relevant behavior segments in theCLOSERembedding space.With this
knowledge, we next explored the heterogenic alteration in behavior
that emerged from chronic stress exposure. When evaluating syllable
frequency in CUS mice, males and females showed statistical changes
in the usage of twelve and six syllables, respectively (Fig. 3i), consistent
with the greater predictive performance of the frequency-based clas-
sifier formales (Fig. 3h, frequency).Although therewas a single overlap
(cluster 41) in significant clusters, the trends in the major alterations
were maintained across the sexes, with minor sex-dimorphic syllables
(clusters 30, 24, and 6) showing sexual dimorphism in the depressive
mouse model. In further kinematic profiling, chronic stress selectively
reduced the occurrence of motifs with elevated body angles and sniff-
related behaviors with large nose shifts relative to body shifts (Sup-
plementary Fig. 7a), while higher nose heights were observed in stress-
elevated syllables (Supplementary Fig. 7b). In female mice, stress-
elevated syllables displayed greater body angles, in agreement with
manual annotation, turning behaviors (Supplementary Fig. 7c, d).

Once we identified discriminant-relevant syllables, we wondered
whether depressive phenotypes in naturalistic behavior had a direct
correlation with conventional depressive-like behaviors. Hence, we
used a linear regression model to predict the immobility time or
sucrose preference using discriminant-relevant syllables and calcu-
lated a coefficient of determination (R2 score) to evaluate the accuracy
of predictive value compared to actual data (Supplementary Fig. 8). In
contrast, the structure of spontaneous behavior showed only a weak
linear correlation with TST, FST, and SPT in females, implying a sexu-
ally dimorphic relationship between naturalistic behaviors and
depressive-like behaviors (Supplementary Fig. 8d, f). In addition, syl-
lable frequency was more closely related to stress-related behaviors in
TST and FST (Supplementary Fig. 8a, b, d, e) than anhedonia-like
behavior in SPT (Supplementary Fig. 8c, f) in both males and females,
as an analogous result has been observed in the previous study uti-
lizing social defeat stress mice for a depressive disorder model26.

We then dissected the total recording into five-minute time bins
and looked for the temporal windows in which those syllables showed
statistically significant changes (Fig. 3j, k). Interestingly, while only one
significant stress effect (cluster 23) was found in the initial time bin, all
other frequency alterations (clusters 25, 2, 23, and 18) were observed
primarily in the third and fourth time bins. Given that initial cluster
frequencieswere similar in chronically stressed andnon-stressedmice,
we concluded that chronic stress disturbs the frequency of behavioral
motifs in a semi-naturalistic environment only after sufficient expo-
sure. Moreover, to investigate the “grammar” of the behavioral out-
comes of stress exposure, we visualized the cluster transitionmatrix in

Fig. 3 | Chronic unpredictable stress modifies the structure of exploratory
behavior in a sex-dependent manner. a Chronic stress significantly increased
immobility time in the TST for CUSmales but not in CUS females. b CUS exposure
induced a significant increase in immobility time in the FST for both males and
females. c Stress exposure reduced sucrose preference in the SPT. d The body
weight in both male and female mice was significantly decreased in weight in the
fourth week by the CUS paradigm. e, f Total time spent in the center (e) and
distance traveled during behavioral recordings (f). g 2D visualizations of the LDA
projection for syllable frequency (top) and transition (bottom) information
detected by the CLOSER framework. The large, bright points indicate the means of
the LDA coordinates for each cohort, and the small, dim points depict the LDA
results for individual mice. h Classification matrices summarizing the prediction
accuracy of the random forest classifier discriminating stressed mice from normal
mice using frequency (top) or transition datasets (bottom) inmale (left) and female
(right) mice. i Logistic graphs showing the fold change (FC) in cluster frequency,

altered by exposure to chronic stress, in male (top) and female (bottom) mice,
ordered from stress-down-regulated to stress-upregulated clusters. Differentially
expressed clusters are marked with significance levels and highlighted in bold in
the cluster ID table. Values are represented as means ± SEM. j, k Time-bin fold
changes for the usage of differentially expressed syllables inmale (j) and female (k)
CUS mice. l Network graph depicting grammar dissimilarities between the control
and CUS groups (left) or between different sexes (right). Colors indicate the mode
of divergence (upregulation: red, downregulation: blue), and width represents the
degree of change. In box plots, the box covers the 25th–75th percentiles of the
dataset; center lines denote the median, where whiskers show the minimum and
maximum values. All individual mice appear as data points. N = 22 for control (sky
blue, square) and CUS (blue-green, circle) males and N = 24 for control (triangle,
orange) and CUS (inverted triangle, brown) females. See Supplementary Data 1 for
statistical details. Source data are provided as a Source Data file.
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a circular diagram depicting significantly adjusted conversions prob-
ability from one cluster type to another (Fig. 3l). Even though the
transition summaries revealed a robust transition shift in CUS-treated
male and female mice compared to unstressed controls, there were
minimal differences between stressedmale and femalemice, implying
that chronic stress induces greater changes in behavioral grammar
than does sex. Together, these results demonstrate that the CLOSER
pipeline identifies sex-specific modifications in naturalistic behavior
structure elicited by chronic stress.

Model-specific alterations in behavioral syntax and architecture
in depressive-like behavior mouse models
To explore the characteristics of spontaneous behavior across
depressive-like behavior models, we first established stress paradigms
using distinct pathological triggers. We employed two depressive-like
behavior models: an immune system-based model through a single
intraperitoneal (i.p.) injection of lipopolysaccharide (LPS); and a ster-
oid hormone-based model using corticosterone administration for
threeweeks.Given prior reports suggesting that 1-week corticosterone
does not elicit depressive-like phenotypes27, an additional group
receiving a 1-week corticosterone injection was included to estimate
the validity of the model. In the LPS-induced depressive-like pheno-
type model, mice exhibited hallmark stress-induced behaviors, as
evidenced by increased immobility in the FST and reduced sucrose
preference (Supplementary Fig. 9a). In the corticosterone paradigm,
stress-related behaviors in TST and SPT emerged exclusively after
3 weeks of administration, with no significant alterations in the 1-week
group (Supplementary Fig. 9b), in line with existing literature27.

In the first step of behavioral analysis, we evaluated syllable fre-
quency and transition dynamics employing LDA to interrogate the
broader architecture of spontaneous behaviors across these models
(Supplementary Fig. 9c). While non-stressed groups and saline-treated
groups, regardless of models, clustered together, chronically stressed
and LPS-treated groups diverged markedly from controls in both syl-
lable usage and bigram transitions. Interestingly, while both stress- and
inflammation-induced models displayed distinct separations, their
behavioral trajectories diverged in opposing directions. In contrast,
corticosterone-treated mice were closely positioned with controls,
suggesting comparatively modest modifications in spontaneous beha-
vior patterns. Then, we implemented a random forest classifier to
quantify the discriminability among stress models (Supplementary
Fig. 9d). Consistent with LDA findings, confusion matrices indicated
that CUS and LPS models were readily separable, whereas
corticosterone-inducedmodelswere less distinguishable fromcontrols.

We next applied an analysis of individual syllable contributions to
unveil model-specific alterations. LPS treatment elicited marked
changes in the frequency of 16 syllables, whereas corticosterone
treatment affected only three, all of whichwere also altered in the LPS-
treated model (Supplementary Fig. 9e). A subset analysis using the
Venn diagram illustrated the degree of overlap across the different
mouse models (Supplementary Fig. 9f). Of note, while six syllables
were commonly altered between stress- and inflammation-induced
models, the directionality of syllable changes was predominantly
opposite between two models, aside from one shared cluster (cluster
2). Thesedata suggest that frequencyalterations are limited to a subset
of syllables and exhibit distinct patterns depending on the etiology of
depressive-like behavior. These results may also account for the
divergent trajectories of depressive-like behavior models observed in
the LDA (Supplementary Fig. 9c). Beyond the frequency alterations,we
observed pronounced disruptions in grammatical structure, particu-
larly in the LPS model (Supplementary Fig. 9g), and few conserved
transition shiftswere identified acrossdepressive-like behaviormodels
(Supplementary Fig. 9h). These findings imply that the source of stress
(stress, inflammation) can be inferred based on distinctive patterns of
spontaneous behavior identified in the CLOSER platform, extending

beyond conventional dichotomous assessments of depressive-like
behaviors.

Anomaly detection revealed no irregular motion in the stress
mouse model
A key challenge in the psychomotor analysis of depressive disorder is
the identification of abnormal behavioral syllables that only appear
after exposure to chronic stress. To determine whether the CUS
paradigm induces abnormal behaviors, we performed a regularity
detection method with global and local pose representations to scan
skeleton trajectories for anomalies. In this analysis, we utilized a
recurrent neural network to calculate the frame-based anomaly scores
to quantify the predictability of behavior sequences in an experimental
group. We examined behavior datasets from male and female
depressed mice, using the A53T Parkinson’s disease model28 as a
positive control group with clear motor dysfunction. Consistent with
our expectations, there was a clear segregation between the loss dis-
tributions of normal (µ = 3.844, σ =0.789) and A53T mice (µ = 5.412,
σ = 0.635) (Supplementary Fig. 10a), with discrete distribution patterns
of behavior segments in embedding spaces for global and local com-
ponents built with latent space-based anomaly detection29 (Supple-
mentary Fig. 10b, c). In contrast, the computational losses and
embedding structures of chronically stressed mice were similar for
both male (control: µ = 3.834, σ =0.946/CUS: µ = 3.793, σ =0.877) and
female groups (control: µ = 3.661, σ =0.932/CUS: µ = 3.679, σ =0.825)
(Supplementary Fig. 10d–i), indicating that most of the behavior pat-
terns of CUS mice can be generalized as behavior sequences from
normal mice. We, therefore, concluded that chronic exposure to
stressors modifies the structure of free exploratory mouse behaviors
rather than causing irregular behaviors.

CLOSER uncovers gradual changes in the structure of mouse
exploratory behavior depending on the duration of exposure to
chronic stress
Since the discrimination of stages in the appearance of depressive
symptoms would provide an additional regulatory node in the clinic,
we asked whether CLOSER can discriminate time-dependent beha-
vioral phenotypes in exploratory movements generated by chronic
stress. We obtained 20-minute behavioral sequences of stressed and
non-stressedmalemice from 3Dmotion videos sampled everyweek of
the four-week CUS protocol, along with weekly assessments of
depressive-like behaviors. This analysis excluded sucrose preference
since its outcome is sensitive to adaptation with repetitive uptake
(Supplementary Fig. 11a–d). In the fourth week, we observed clear
stress-induced effects in the TST, FST, SPT, and body weight mea-
surements of CUSmice compared to controlmice. Additional tests for
locomotion identified a critical change in time spent in the arena’s
center for the control group (Supplementary Fig. 11e, g), with a sig-
nificant reduction in distance traveled regardless of the presence of
chronic stimuli, suggesting a decline in exploratory instinct in familiar
environments (Supplementary Fig. 11f, h). These results with conven-
tional assays were sufficient to confirm the expression of depressive-
like behaviors, but they failed to show a direct correlationwith specific
time points in the CUS paradigm. In other words, this type of beha-
vioral analysis was insufficient for tracking the development of
depressive-like behaviors.

To resolve this limitation, we devised a method to capture the
characteristics of the behavioral repertoire of stressed mice following
various durations of exposure to chronic stress. As previously descri-
bed, we employed the random forest algorithm to estimate the pre-
dictive accuracy of the classifier for time points (1–4 weeks after),
training it with syllable usage or with transition probability calculated
from behavior sequences recorded in the AVATAR studio. The result-
ing confusion matrix indicated that the classifier discriminated
between the experimental conditions (CTRL vs. CUS) and captured the
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manifestation of behavioral change from the beginning of depressive
disorder, as representedby the isolationof prediction errorswithin the
same conditions (Fig. 4a, b, left). Likewise, we were able to diagnose
experimental conditions and exposure periods through LDA1 and
LDA2 axes, respectively, which were derived from information on
syllable frequency (Fig. 4c) and transitions (Fig. 4d). Then, we per-
formed an additional investigation of syllables differentially expressed
throughout the various stages of stress paradigm (Fig. 4e), which
indicated decisive modification in syllable usage over the course of
psychiatric pathogenesis.

Notably, we observed a peak in classification performance and the
largest fold change at threeweeks of stress exposure (Fig. 4e),marking
it as the point of the largest deviation from the normal exploration
pattern. To overcome the black-box nature of the machine learning
framework, we augmented the explainability of the classifier model by
harnessing SHAPanalysis to identify clusters thatmost strongly impact
the model’s decision-making process (Fig. 4f, g). The SHAP summary
plot characterized the behavior signature for 3-week CUS, showing
increases in “stand” (cluster 28) and “sedate (high nose)” (cluster 8)
and decreases in “rotate” (cluster 17), “back groom” (cluster 25), and

Fig. 4 | Heterogenic changes in spontaneous behaviors as depressive-like
behavioral pathogenesis progresses. a, b Confusion matrices for the predictive
performance of the random forest classifier in discriminating the timing of beha-
vior recordings (left) or the duration of stress exposure (right) based on syllable
usage (a) or bigram (b) in exploratory behavior of stressed and non-stressed mice
(N = 12 for both groups). The classification rate represents howmicewith true labels
(row) were classified into predicted labels (column). For the box plots, the boxes
span the interquartile range (25th–75th percentiles); center lines indicate the
median, and whiskers indicate the minimum and maximum values. c, d The mean
LDA points for syllable frequencies (c) and transitions (d) for the four experimental
time points (1–4weeks) in stressed (circle) or non-stressed (square)mice. eA color-
coded dot plot showing chronic stress-induced changes in syllable usage across the
stress paradigm, where the sizes of the circles indicate the significance level of

alteration estimated with Benjamini–Hochberg post hoc following two-way
ANOVA. f Top five most impactful syllables in the classification of time points for
stressed mice, sorted by overall absolute Shapley value. The ethogram is indicated
along the y-axis, with each cluster ID presented next to its corresponding bar.
g Beeswarm plot for syllables with the top five highest contributions in distin-
guishing third-week CUS mice. h Prediction performance of the classifier diag-
nosing the psychiatric state of individual mice at different time points (1–4 weeks)
based on syllable frequencies (top) or transitions (bottom). The top prediction
scores in accuracy, precision, or recall are indicated in bold to highlight the
pathogenic features of depressive symptoms. i Circular network graph represent-
ing significant modifications in transition probability induced by stress (left) or the
timepoint (right) (multiple two-tailedunpaired t-tests). Sourcedata are providedas
a Source Data file.
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“sniff” (cluster 23) (Fig. 4g). Conversely, theminimal changes in cluster
frequency we observed in at the final week of the CUS protocol indi-
cated that context adaptation by means of repetitious (in our case,
five) experiences reduced the behavioral disparity caused by chronic
stress, considering the larger variance in syllable usage between
depressed and control mice exposed to the AVATAR studio only twice
(Fig. 3i). The examination of diagnosis performance for depressive
disorder further supports this observation (Fig. 4h). Further analysis of
the transition map revealed that three-week exposure to chronic
stressors altered the transition matrix from its original structure
(Fig. 4i, left). Familiarity with the open field environment strongly
affected syllable bigrams in a single experimental group (Fig. 4i, right),
suggesting a large contribution of context familiarity to the transition
matrix of spontaneous behavior.

CLOSER can quantify the pharmacological effects of mono-
aminergic and non-monoaminergic antidepressants on psy-
chomotor symptoms
To develop targeted therapeutic strategies for depressive disorders,
we examined whether CLOSER captures antidepressant-induced
reversal of chronic stress-related behavioral modifications, assessing
distinct behavioral phenotypes in freely moving mice. We adminis-
tered traditional monoaminergic antidepressants (fluoxetine and imi-
pramine) or emerging non-monoaminergic candidates (agmatine,
scopolamine, and rapastinel) to observe the distinct action of different
drug groups (Fig. 5a). In chronically stressed male mice, most anti-
depressants significantly reduced immobility durations in FST, while
imipramine alone enhanced sucrose preference rather than influen-
cing immobility (Supplementary Fig. 13a, b). Additionally, rapastinel
treatment significantly elevated sucrose preference, whereas other
drugs did not induce significant improvements in either the TST or
SPT. Thus, despite the high predictive validity of FST in male mice,
traditional behavioral assays generally failed to differentiate individual
or grouped antidepressant actions, with the exception of imipramine
and rapastinel.

As the initial step of our ML-guided behavioral evaluation, we
implemented a machine learning-guided behavioral evaluation to
discern subtle alterations within exploratory behaviors. A random
forest classifier, informed by syllable frequencies and transitions,
yielded sensitivities of 40.35% and specificities of 88.00% (Fig. 5b).
Incorporating transition information enhanced performance, raising
sensitivity to 50.07% and specificity to 90.01%. We examined the
classification errors, which revealed strong confusion within drug
groups; however, inter-group and vehicle-associatedmisclassifications
remained moderate (Supplementary Fig. 14).

Further analysis of syllable frequency subsets was performed to
explore on- and off-target effects of antidepressants (Fig. 5c). Chronic
stress significantly altered the usage patterns of four behavior clusters
(31, 12, 49, 28). Notably, cluster 31 was consistently restored by all
tested drugs, while others displayed selective restoration profiles
(Fig. 5d). Imipramine and agmatine demonstrated complete recovery
across stress-relevant clusters, whereas other treatments elicited par-
tial effects. Off-target behavioral alterations were more pronounced
with non-monoaminergic compounds, displaying considerable over-
lap within this drug class, unlike the monoaminergic group, which
lacked common off-target syllables (Fig. 5c, column 12). Eight addi-
tional clusters appeared at the intersection of twonon-monoaminergic
drugs, emphasizing high group similarity. Utilizing SHAP analysis for
deeper behavioral profiling, we identified syllables that critically
influence antidepressant classification, indicative markers reflecting
antidepressant heterogeneity (Fig. 5e). Different variants of “rear up”
behaviors emerged prominently as discriminative features. Specifi-
cally, increased occurrences of clusters 48, 47, and 4 and decreased
cluster 3 activity characterized positive predictions for non-
monoaminergic antidepressants, while inverse patterns

distinguished monoaminergic treatments (Supplementary Fig. 16a).
Within groups, fluctuations in cluster 19 contributed to precise drug
identification. These findings underline that the CLOSER pipeline
effectively leverages profound behavioral compositions of mice to
distinguish psychiatric drug actions, offering potential for persona-
lized therapeutic recommendations grounded in behavioral
phenotypes.

In grammatical structure, we revealed partial normalization of
stress-induced behavioral transitions following antidepressant treat-
ment, though aberrant transitions persisted (Fig. 5f). Fluoxetine and
imipramine demonstratedmodest efficacy in restoring syllable bigram
structures compared to the recovery in syllable frequency, accom-
panied by considerable off-target transition modifications (Fig. 5f,
monoaminergic). Conversely, non-monoaminergic antidepressants
presented comparatively lower off-target transition alterations (Fig. 5f,
non-monoaminergic).

For the drug administration without stress exposure (Drug Only),
the syllable frequency and transitions of spontaneous behavior were
strongly discriminated from those of vehicle-treated male mice (Sup-
plementary Fig. 17a). Consistent with observations in the stressed
group, fluoxetine induced more changes in syllable frequency com-
pared to imipramine (Supplementary Fig. 17b, c). In SHAP-based fin-
gerprint identification, clusters 19 (“stand”) and 48 (“wall rear up”)
overlapped with the top five impactful features of the stressed group.
Instead, other syllables emerged as unique fingerprints of anti-
depressants, such as cluster 37 (“sniff and pause”) for fluoxetine
(Supplementary Fig. 16b). This observation underscores the impor-
tance of pathological context in assessing the efficacy of psychiatric
medications and their side effects via the monitoring of psychomotor
behavior. Therefore, we have demonstrated that CLOSER can decode
the hidden patterns of psychomotor symptoms into interpretable
information for quantifying the pharmacological effects of
antidepressants.

Sex-dependent behavioral fingerprints in naturalistic behavior
for monoaminergic antidepressants
To elucidate sex-dependent antidepressant responsiveness and its
impact on naturalistic behavior, we evaluated female mice with the
same experimental paradigm previously applied to male mice using
monoaminergic antidepressants. Unlike the male CUS model, female
mice exhibited antidepressant efficacy exclusively in SPT and not in
FST, highlighting substantial limitations in the predictive validity of
traditional assays (Supplementary Fig. 13d, e).

To test if the behavioral structure identified by CLOSER could be
applied to reliable discrimination of stress and antidepressant
administration states within the female cohort (Supplementary
Fig. 18a). Analysis based on syllable usage yielded a sensitivity of
47.22% and specificity of 82.41%, whereas classifiers leveraging transi-
tion profiles demonstrated enhanced performance, achieving sensi-
tivity and specificity values of 61.11% and 87.04%, respectively, showing
an analogous trend observed in males. Subsequent SHAP analyses
elucidated antidepressant behavioralfingerprints, revealing significant
sex-dependent differences (Supplementary Fig. 18b). In contrast to the
rearing behaviors pivotal in males, female fingerprints predominantly
featured head movements and sniffing behaviors, with cluster 22
exhibiting decreased frequencies following monoaminergic anti-
depressant treatment, while clusters 14 and 29 differentiated fluox-
etine from imipramine (Supplementary Fig. 16c). Although cluster 4
displayed analogous antidepressant responsiveness across sexes, dis-
parities in other syllable fingerprints underscored sex-specific differ-
ences in responses of naturalistic behavior to depressive disorders and
their pharmacological interventions.

Next, we investigated drug-induced on- and off-target effects
within naturalistic behavior syllables (Supplementary Fig. 18c). Chronic
stress significantly altered five behavioral clusters; fluoxetine and
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imipramine successfully reversed three to baseline states (Supple-
mentary Fig. 18d). Notably, off-target effects were substantially pro-
nounced in females, with fluoxetine altering eleven syllables and
imipramine influencing nineteen. Cross-sex comparisons revealed
minimal overlap between male and female responses to fluoxetine
(twocommon syllables) and none for imipramine, underscoring sexual

dimorphism in behavioral responses due to divergent baseline beha-
vioral structures post-stress induction. Moreover, fluoxetine con-
sistently exhibited more off-target effects than imipramine across
both sexes.

Finally, analysis of syllable bigram transitions revealed marked
differences between female and male responses to antidepressants.
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Fig. 5 | ML-guided discovery of antidepressant individuality expressed in
mouse exploratory behavior. a Graphical scheme for the experimental timeline
for vehicle- or antidepressant-treated mouse groups. b Confusion matrices
describing stress condition and drug type classification accuracy for classifiers,
utilizing syllable frequency (left) or transition probability (right). c An upset plot
illustrating the intersections of differentially expressed syllables identified under
each treatment condition. The total number of altered syllables for individual
groups is shown as the set size (left). Linkedblackfilled circles denotewhichgroups
are included in the intersection. d Drug-specific efficacy on stress-relevant change
of syllable usage. The bar graph describes the logarithm of relative expression for
stress-related syllables in mice treated with each drug; the centers indicate mean,
and the error bars denote the s.e.m. (two-tailed unpaired t-tests between non-
stressed saline-treated mice and stressed groups: CUS: cluster 31: *p =0.0268;

cluster 12: *p =0.0453; cluster 49: *p =0.0135; cluster 28: *p =0.0362, fluoxetine:
cluster 49: *p =0.0466, scopolamine: cluster 12: *p =0.0423; cluster 28: *p =0.0194,
raspastinel: cluster 12: *p =0.0317; cluster 49: **p =0.0028; cluster 28: *p =0.0135,
N = 12 for monoaminergic groups and N = 10 for non-monoaminergic groups).
eOverall importance of syllables (x-axis) for the random forest classifier trained to
predict administratedantidepressants. The cohort type in thebar is specifiedby the
color of the square next to the group name in (c). f Modifications in syllable tran-
sitionprobability reveal that antidepressant treatment induced amoderate reversal
of the transition shift associatedwith chronic stress. In boxplots, the box shows the
25th–75th percentiles of the dataset; whiskers indicate theminimumandmaximum
values, and center lines indicate the median. Source data are provided as a Source
Data file.
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Fluoxetine robustly normalized stress-induced transition modifica-
tions toward non-stressed states, whereas imipramine treatment pre-
dominantly induced off-target transitions (Supplementary Fig. 18e). In
conclusion, while off-target effects on syllable usage were more evi-
dent in females, off-target transitions within syllable sequences were
dominant in males, further emphasizing substantial sex-dependent
variability in antidepressant pharmacodynamics.

Discussion
Over several decades, researchers have measured depressive-like
behavior using oversimplified tests in non-natural conditions. How-
ever, since these methods provide only all-or-none information
regarding the onset of depressive disorder, they have suffered from
low face validity, failing to represent the progressive nature of many
mental disorders30. The current study overcomes the limitation by
quantitatively estimating complex, individual symptoms in explora-
tory behaviors recorded in a semi-natural environment. Importantly,
the neurological and molecular linkages between emotion and motor
activity allow it to produce high face validity for depressive symptoms
appearing in spontaneous movement.

Many ML-based 3D pose estimation tools employ autoencoders,
neural networks, or simple dimensionality reduction (PCA, t-SNE, or
UMAP) to extract representations of animal behavior. However, con-
sidering the compositional nature of spontaneous behavior, these
models are inefficient in learning the invariance of behavior elements
and understanding similarity and dissimilarity in behavioral archi-
tecture. We addressed this problem by applying a self-supervised
contrastive learning algorithm with augmentation modules that force
the machine to embrace the underlying behavioral structure using
invariance and contrast. This leads to the development of a transfer-
able and generalizable ML toolkit. Indeed, the algorithm generated
high-quality embedding for naturalistic behavior compared with
recent unsupervised toolboxes,with clear recognition of latentmotion
patterns imperceptible on visual inspection. We also incorporated the
sequential property of behavior through amajority voting strategy, an
exploratory application tomotion segmentation. Themajor advantage
of this dynamic temporal segmentation is the linear time complexity,
O(n), of majority voting. This complexity cannot be achieved with the
Hidden Markov Model (HMM), whose time complexity is O(k2n) for
sequence length n and state number k. Using themethod,wewere able
to successfully examine all possible sequences and reflect the true
diversity of the behavior sequence, as evidenced by a high change
point scores at the segment edges.

In this study, we demonstrated depressive-like phenotypes in
mouse exploratory behaviors in an open field and subtype classifica-
tion of a mood disorder. First, we found that chronic stress induces
psychomotor symptoms in a sex-dependent manner, characterizing
them as distinct behavioral representations and disparities in beha-
vioral summaries. Using CLOSER, we were able to capture a stage-
specific expression of motion features over the course of pathogen-
esis. This enabled the early detection of depressive disorder because
the behavioral structure of stressed mice diverged from that of non-
stressed mice beginning from the first week of the stress paradigm.
Furthermore, a time bin analysis with weekly monitoring revealed the
effect of spatial novelty in the diagnosis of depressive symptoms,
suggesting that temporal and environmental conditions combine to
evoke depressive-like phenotypes. Thus, we provide the comprehen-
sive screening of conventional behavior tests for depressive-like
behavior according to sex, etiology, stress duration, and anti-
depressant therapy, encompassing heterogeneity of depressive-like
states (Fig. 6).

Understanding the mechanisms by which antidepressants mod-
ulate depressive-like behaviors has traditionally centered on an idea-
tional domain31–34. While this has elucidated key aspects of the
neurobiology of psychiatric disorders, the interpretability of data

remains constrained by the divergence between rodent behavioral
paradigms and self-reported human symptomatology. We resolved
this limitation by benchmarking the pose estimation algorithm for
human motion tracking to construct a generalizable diagnostic
framework20–22. Our framework identified the innate efficacy of each
antidepressant in restoring distinct subsets of behavioral syntax and
architecture and, thus, enables a subtle assessment of antidepressant
effects, including quantitative evaluations of both on- and off-target
actions. This insight allows for the automated prediction of drug
indications tailored to the recognized symptom clusters within het-
erogeneous depressive disorders, offering refined therapeutic strate-
gies with improved predictive power. A promising direction for future
studies could leverage intrinsic behavioral structure under depressive
states to infer treatment responsiveness, which substantially
strengthens the importanceof spontaneous behavior as a determinant
in prescription and potential application to clinical frameworks.

Future research is necessary to validate the molecular and neu-
rological linkages of depressive symptoms in exploratory behavior to
expand the applicability of the CLOSER pipeline in neuroscience
research. For instance, RNA-seq transcriptional analysis has been used
to observe the sexually dimorphic modification in the expression of
genes in human and mouse brains to discover the cell-type-specific
molecular mechanisms underlying sex-specific stress responses35.
From a different perspective, neuronal studies about sexual
dimorphisms in social behaviors generally focused on the intent
behind behaviors, arguing that a specific neural code or type of neuron
(mPOA Esr1+ neuron, for example) governs sex-biased social
behaviors36. These approaches will provide an explanation for the
behavioral results we observed in this study, ultimately enhancing the
face validity of exploratory behavior monitoring in depression
research.

For broader application of CLOSER in depressive state diagnosis,
the action recognition efficiency and diagnostic accuracy must be
validated in diverse recording environments and across different
species and, ultimately, in human patients. It is important to note,
however, that the psychomotor retardation and agitation are primarily
characteristic of melancholic or catatonic depression5,6,37, and the
relationship between motion patterns and other subtypes, for exam-
ple, atypical, psychotic, and seasonal depression, remains elusive38.
Thus, despite our results, which demonstrate that naturalistic beha-
vioral profiles captured by CLOSER reveal distinct psychomotor sig-
natures associated with stress, additional studies on the clinical
relevance of psychomotor symptoms with the full spectrum of
depressive subtypes are needed to prove the applicability of CLOSER
and the translational potential of these behavioral markers in human
depression diagnosis.

In conclusion, the CLOSER platform offers a semantically aware
ML toolkit for representing naturalistic behavior and defining hidden
psychomotor signatures ofmood disorders inmice.We demonstrated
that the improved representations ofmouse 3Dmotion sequences our
pipeline provides allow it to recognize subtypes of depressive-like
symptoms from behavioral symptoms according to sex and patho-
genic stage. Although the clinical applications of spontaneous
behavior-based diagnosis of psychiatric diseases demand further
behavioral tests in depressed human patients, we suggest our results
form a strong foundation promoting the compatibility of diagnosis
and drug indications between rodents and primates, with clear
applicability to the field of drug discovery.

Methods
Animals
All experimental procedures were performed in accordance with the
guidelines of and approved by the Institutional Animal Care and Use
Committee at KAIST (approval number No. KA2024-007-v4). Wild-
type C57BL/6J male and female mice were used in the behavioral

Article https://doi.org/10.1038/s41467-025-67559-x

Nature Communications |          (2026) 17:851 11

www.nature.com/naturecommunications


studies. The mice were group-housed for the first week at 7 weeks of
age and then transferred at8weeks of age to separate cages under a 12-
h light-dark cycle (lights on from 8:00 to 20:00) at room temperature
(22 °C) and 40% humidity to allow them to acclimate to the housing
facility. We used mice from at least three litters, and mice were ran-
domly allocated into groups to balance potential genetic or develop-
mental variance. Food and water were provided ad libitum.

Mouse models for depressive-like behavior
Chronic unpredictable stress (CUS) model. Wild-type C57BL/6 male
or femalemice (8-week-old) were subjected to nine different stressors:
(i) 24 h of food and water deprivation, (ii) 8 h of cage tilting (45°), (iii)
24 h of light cycle reversal, (iv) 5min of swimming in cold water
(13 ± 1 °C), (v) 2minof tail pinching 1 cm from the endof the tail, (vi) 8 h
of moist bedding, (vii) 30min of cold exposure (4 °C), (viii) 12 h of
sleep deprivationwith a cylindrical pedestal (2.5 cmdiameter and 3 cm
height) placed on the cage floor filled with 1 cm-deep tap water to
prevent the sleep during dark phase, and (ix) 1 h of physical restraint.
These stressorswere randomly scheduled over fourweeks, with one or
two stressors performed daily in a random combination to magnify
unpredictability. During the test week (week 4), we omitted the cold
swimming and tail pinching to prevent repetitive exposure and habi-
tuation effects. In periodic assessments of depressive-like behaviors,
behavioral tests (TST and FST) were conducted at the beginning of
each week, while forced swimming and tail-pinch stressors were

excluded from the CUS paradigm to avoid confounding effects. Con-
trol mice were individually housed for four weeks with short daily
handling in the housing room. We measured the mouse body weight
each week at a fixed time during depressive-like behavior induction.
Experimental batches and the number of mice per batch are listed in
the Supplementary Table 4.

Lipopolysaccharide-induced mouse model. LPS (serotype O55:B5,
Sigma-Aldrich, Cat#: L2880) was freshly prepared on the test day by
dissolving in sterile 0.9% NaCl solution (normal saline). The solution
was administered to 8-week-old male C57BL/6 mice with an intraper-
itoneal injection (i.p.) at a volume of 0.1ml permouse. The dose of LPS
(0.83mg/kg)was selectedbasedon themeta-analysis for experimental
studies on inflammation-associated depressive-like behavior, which is
known to elicit the full spectrum of acute sickness behaviors39,
including physiological and behavioral changes relevant to depressive-
like phenotypes40. Control animals received an equivalent volume of
sterile saline.

Corticosterone-inducedmousemodel. Eight-week-oldmale C57BL/6
mice were randomly assigned to three groups and received the fol-
lowing administration protocol: (i) corticosterone (20mg/kg, Sigma-
Aldrich, Cat#: D27840) for consecutive 21 days, (ii) vehicle (normal
saline containing 0.1% dimethyl sulfoxide and 0.1% Tween-80) for
consecutive 21 days, or (iii) vehicle for 14 days followed by
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Fig. 6 | The workflow of the CLOSER framework for the discovery of latent
depressive-like behavior in naturalistic movement. a Graphical summary of the
exploratory behavior-based diagnosis of psychiatric disorders. Behavioral struc-
tures (i.e., syllable frequencies and inter-syllable transitions) were extracted from
motion sequences segmented intofive-minute bins to estimate the context-specific
signature of depressive-like states in naturalistic behavior using various analytic
methods. b The learned descriptors reveal sex-dependent psychomotor

phenotypes; etiology-specific effects across chronic stress, corticosterone, and
LPS; and stage-specific clusters along disease progression, enabling week-by-week
detection from the onset of the paradigm. The framework quantifies anti-
depressant actions, resolving on-target versus off-target restoration of behavioral
syntax across monoaminergic and non-monoaminergic drugs. Illustrations were
created in BioRender. Heo, W. (2025) https://BioRender.com/2gfjr30.
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corticosterone for 7 days. All injections were delivered subcutaneously
once daily at a volume of 5ml kg−1 body weight27,41.

Behavioral studies
AVATAR studio recording. All mice were handled in the behavior
room for 10min per day for 3 consecutive days and habituated to the
room for an hour before the behavioral experiments. AVATAR studio
consists of an opaque hemispheric chamber with five recording cam-
eras (Full-HD CMOS, 1200 × 1200 pixels, 30 frames per second) and an
LED light device (20 lux) at the bottom23. An open field apparatus, 5-
mm-thick transparent acrylic panels (20 cm× 20 cm× 30 cm), is loca-
ted at the center of the AVATAR studio. The mice were placed in the
center of the chamber and allowed to freely explore the apparatus for
20min. For the investigation of individual variance, we conducted
recordings a day before the induction of a depressive-like statemodel.
To estimate the effects of CUSonexploratory behaviors, themicewere
recorded a day after exposure to the last stressor. From the video, the
3D coordination of nine key body points (nose, head, anus, tail tip,
torso, left and right hindlimb, left and right forelimb) was calculated
from multiple 2D images following a computer-vision 3D calibration
and reconstruction algorithm, which calculates the intersection of the
ray from the optical center of the camera through anatomical land-
marks for a given camera arrangement42. The obtained 3D coordinate
parameters were processed to generate joint connections for the for-
mation of the action skeleton, a vectorial representation of body
configuration in 3D space, on both allocentric and egocentric coordi-
nate systems. The accuracy of AVATARnet for keypoint prediction was
evaluated using three standard metrics:

Intersection over Union IoUð Þ= Area of Overlap
Area of Union

=
GT \ Prediction
GT∪Prediction

ð1Þ

whereGT denotes the ground truth regionmanually labeled by human
annotators,

Average Precision APð Þ=
Z 1

0
p rð Þdr ð2Þ

where p= True positive
True positive+ False positive, r = True positive

True positive + False negative with true

positives (IoU > 50%), false positives (IoU < 50%), false negatives (not
detected), true negatives (no object), which estimates the degree of
overlap between the predicted body part areas and actual body part
areas, and Root Mean Squared Error (RMSE), which evaluates the
square root for themean square error distance for each keypoint class.
AVATARnet achieved IoU consistently above 75% across nine anato-
mical keypoints and mAP values around 90% after sufficient network
training. The positional error, measured as MSE, ranged from 7 to 15
pixels, equivalent to 1.4–4.5mm in physical space, and the average
RMSE recorded 10.19 pixels, corresponding to approximately
2–3mm23.

Sucrose preference test. For habituation, we provided mice with two
bottles, one containing 1% sucrose (Sigma, Cat#S7903) solution and
the other containing regular water alone, for 48 h before the sucrose
preference test (SPT). We changed the left-right position of the bottles
every 24 h in the adaptation phase to avoid any location preference. In
the formal experiment, mice were allowed to freely access the 1%
sucrose and water bottles for 24 h with food withholding. The posi-
tions of the bottles were switched after 12 h of testing to exclude the
potential effects of side preference. After the test, we moved the mice
to the home cage and measured the total intake of each fluid. Sucrose
preference was calculated as follows: sucrose preference
(%) = 100 × sucrose consumption (g)/(sucrose +water consumption)

(g). A minimal layer of sawdust was added to each cage to detect any
bottle leakage.

Tail suspension test. Mice were suspended from a stick by their tails
50 cm above the ground for six minutes. The sticky tape was used to
attach the stick to a spot 1 cm from the end of the tail41. We recorded
video from the side and measured the immobility duration during
6min of suspension using a video tracking system (Smart 3.0). Mice
were considered immobile when hanging motionless, swinging pas-
sively, or remaining completely motionless.

Forced swimming test. The forced swimming test (FST) was con-
ducted to assess the behavioral effect of stress exposure, at least four
hours after the TST to minimize any potential effect of physical dis-
comfort causedby tail suspension. A clear glass cylinder (20 cmheight,
12 cm diameter) was filled to a depth of 15 cm with water (24 ± 1 °C) to
prevent any physical contact of the tail or hind limbs with the bottom
of the container. Mice were placed in a water-filled cylinder for six
minutes. Video was recorded from the side with a web camera
recording system andmonitored using a video tracking system (Smart
3.0). We only quantified the duration of immobility during the final
four minutes in an observer-blinded manner, as most mice move
around at the beginning of the FST43. We defined immobility as the
status in which mice floated (motionless) or merely moved their paws
to maintain balance in the water.

Time in the center andmovingdistance. We extracted the time spent
in the arena center and the distance traveled from the AVATAR studio
recording videos to measure the locomotive function of mice. In 20-
min sessions,wemeasured the timemice stayed in the center squareof
the open field (10 × 10 cm) and the total distance traveled by tracking
the x- and y-axis coordinates of the body center.

Pharmacological treatment of animals
Monoaminergic antidepressants. Male or female 10-week-old C57BL/
6J mice were used to investigate the effects of monoaminergic anti-
depressants on free exploratory behaviors. All drugs were dissolved in
sterile 0.9% NaCl solution (normal saline) and injected intraper-
itoneally for 14 consecutive days. For both fluoxetine hydrochloride
(Abcam, Cat#: ab120077) and imipramine hydrochloride (Abcam,
Cat#: ab141046), 15mg kg−1 was dissolved in 200 µl of vehicle. Control
mice were only injected with the vehicle (normal saline). For all
behavioral experiments, mice were tested 24 h after the final injection.

Non-monoaminergic antidepressants. Non-monoaminergic anti-
depressants were administered to 12-week-old male C57BL/6J mice
exposed to chronic stress for four weeks. Agmatine sulfate salt
(50mgkg−1, Sigma-Aldrich, Cat#: A7127)44, scopolamine hydro-
bromide (0.5mgkg−1, Tocris Bioscience, Cat#: 1414)45,46, andRapastinel
(or GLYX-13) (10mg kg−1, Tocris Bioscience, Cat#: 3406)47 were dis-
solved in 0.9% saline and injected intraperitoneally at a volume of
5ml kg−1 body weight, 24 h before behavioral experiments.

Manual label assignment and cluster annotation
We established a mouse behavior database for the evaluation of our
machine learning framework. Thirteen different behavior labels were
assigned to each frame of a 20-min video of a freely moving mouse.
Coarse behavior phenotypes were defined according to the Mouse
Ethogram database taxonomy (www.mousebehavior.org). We further
concretized these coarse labels with fine-grained labels to provide
more detailed discrimination of the spontaneous motions of well-
known behavior sequences (Supplementary Table 2). After this pro-
cess, each annotated behavior segment contained information about
the start/end frame number and a single fine-grained label. To anno-
tate the unsupervised learning-driven clusters with behavior
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components, experts explored twenty corresponding video clips for
eachcluster anddetermined if the behavior sequences in the video clip
could be associated with fine-grained labels. The behavioral labels that
appeared in the video clip were scored and averaged as part of a
numerical evaluation of cluster characteristics. We then summarized
the features of the behavioral phenotypes (a maximum of two) with
more subtle descriptions.

CLOSER Framework
Data augmentation. Contrastive learning requires an appropriate data
augmentation strategy to maximize the performance of the machine
learning model. We introduced four augmentation methods: “Scale”,
“ChangeStartPoint”, “ChangeAngle”, and “ChannelMask”.

“Scale” is accomplished by random scaling of the original mouse
3D skeleton vector size by a factor of 0.5 to 1.5. For the given motion
sequence f it = xit , y

i
t , z

i
t

� �
, the augmentedmotion sequencewas defined

as

Scaleðf it Þ=α � xi
t , y

i
t , z

i
t

� � ð3Þ

while 0:5≤α ≤ 1:5. Scale enables the model to learn the irrelevance of
mouse size in its behavior. “ChangeStartPoint” simulates the temporal
heterogeneity of behavior sequences that originates in variations in
the duration of themotion segments. To accomplish this,we randomly
cropped 60% of the original motion sequence and then performed a
linear interpolation to the original length according to this relation-
ship:

ChangeStartPoint f i1...T
� �

= Interpolate f is::e
� �

, 1≤ s, e≤T , e� s + 1 =0:6×T

ð4Þ
We employed “ChangeAngle” to distort the angle between the

skeleton vectors of a chosen joint and its parent skeleton vectorswith a
maximum distortion of 1.75 radians. Three joints were selected ran-
domly. The angles between the skeleton vectors v1 involving the
chosen joints and their parent skeleton vectors v2 were calculated
using the following equation:

θ =acos
P

v1 � v2
v1
�� �� v2�� �� ;θnew = θ+Δ, � 30� ≤Δ≤ 30� ð5Þ

For the investigation of new cartesian coordinates X, we built a
linear system as follows:

Concat n, v1, v2
� �

X =Concat
d,
P

v1 � p2 + v1
�� �� v2�� ��cos θnew

� �
,P

v2 � p2 + v1
�� �� v2�� ��cos θnew � θ

� �
 !

ð6Þ

with n= v1 × v2 and d=
P

n � joint, where joint denotes the cartesian
coordinates of the chosen joints. p1 and p2 refer to the parent joints of
the chosen joints. Similarly, we rotated the skeleton vectors with the
chosen joints orthogonal to the plane containing v1 and v2 by at most
0.875 radians. Through this augmentation, the model learned the
angular difference in key joints. “ChannelMask” is a random mask of
the x- or y-axis with a 25% probability of implementing independence
of behavior contents on a specific axis. For example, if the y-axis is
masked in a motion sequence f it = xi

t , y
i
t , z

i
t

� �
,

ChannelMask f it
� �

= xit , 0, z
i
t

� � ð7Þ

To validate augmentation combinations through ablation analy-
sis, we introduced existing augmentation strategies widely used in
human action recognition. For the first augmentation combination20,
we adopted two spatial skeleton augmentations (“Shear” and “Join-
tJittering”) and a single temporal skeleton augmentation (“Temporal
Crop-resize”). The “Shear” transformation gave variations in viewpoint

and distance to the camera with pose conservation. In more detail, for
the segment X 2 Rbatch size ×num joints × joint size, the modified action
representation

Shear Xð Þ=X �
1 r01 r02
r10 1 r12
r20 r21 1

2
64

3
75 ð8Þ

“JointJittering” inserts a perturbation in joint connections through
the irregular movement of random joints to teach the model invar-
iance to noise in joint positions. To achieve this, we multiplexed three
randomly selected joints j, with a jitter matrix as

JointJitter Xð Þ=X : , j, :½ � �
r00 r01 r02
r10 r11 r12
r20 r21 r22

2
64

3
75 ð9Þ

All entries in the shear and jitter matrices are randomly drawn
from a uniform distribution [−1, 1]. Since “Temporal Crop-resize”
adjusts a similar distortion to the “ChangeStartPoint” method,
described above, we utilized our augmentation module without
modification.

In a second augmentation strategy, we integrated augmentation
methods proposed for human depression detection48: “Shear”,
“Rotate”, “GaussianNoise”, “JointMask”, and “ChannelMask“. In “Rotate”,
we randomly rotated a 3D action skeleton with respect to the x-, y-, and
z-axes with random variables α,β, γ 2 Rbatchsize × 1 × jointsize × jointsize :

Rotate Xð Þ=
cosγ �sinγ 0

sinγ cosγ 0

0 0 1

2
64

3
75 �

cosβ 0 sinβ

0 1 0

�sinβ 0 cosβ

2
64

3
75 �

1 0 0

0 cosα �sinα

0 sinα cosα

2
64

3
75 � X

ð10Þ
“GaussianNoise” adds appropriate Gaussian noise to the action

sequence. We applied the Gaussian noise matrix
ε 2 Rbatchsize × 1 × numjoints × jointsize , whose entries are taken from a Gaussian
distribution withmean of 0 and a standard deviation of 1, to the action
segment X 2 Rbatchsize × inputlength × numjoints × jointsize as

GaussianNoise Xð Þ=X + ε ð11Þ
“JointMask” generates positive pairs by concealing three random

joints by

X : , : , j, :½ �=0 ð12Þ
Model training. For action representation learning, we employed a
self-supervised contrastive learning framework based on Cross-modal
Mutual Distillation (ST)49, following the structure of Spatio-Temporal
Graph Convolutional Network (ST-GCN) building encoders50. A given
full-length motion sequence obtained from AVATAR studio was divi-
ded into segments with a single motion segment unit of 10, introdu-
cing a 1-frame stride to provide generalization in input action
sequences. The dataset consisted of 120 label-free videos of control
and depressive-like behavior model mice for 4 weeks, and each video
contains a whole 36,000 frame motion sequence of freely moving
mice. In the CLOSER framework, training, validation, and test datasets
are generated with a ratio of 60:20:20 while randomly sorting motion
sequences. We used encoders composed of 9 layers of the spatio-
temporal graph convolution operators; 3 layers of 32 output channels,
3 layers of 64 output channels, and 3 layers of 128 output channels
stacked in order. This implies that the encoder is designed to map the
input space of R10× 27 to an embedding space of R128.

In the CMD modality design, we implemented two approaches,
joint movement and motion change. Joint modality represents Carte-
sian coordinates of keypoints from a “fixpose”motion sequences, and
motion modality defines a difference in Cartesian coordinates of
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keypoints between adjacent frames from “pose” motion sequences.
For the projection head module, linear layers of input dimension I �
R128 and output dimension O � R128 without any activation function.
The model was trained to optimize InfoNCE (Info Noise-Contrastive
Estimation) loss51 and Kullback–Leibler (KL) divergence. For InfoNCE
loss LSCL and CMD lossLCMD, the total loss function.

L= LjointSCL + Lmotion
SCL + LCMD ð13Þ

was calculated. For the size of a queue-based memory bank N and a
temperature hyper-parameter τC , InfoNCE loss for joint and motion
modality is defined as

LSCL = � log
exp

zTq zk
τC

� �
exp

zTq zk
τC

� �
+
PN

i = 1 exp
zTqmi

τC

� � ð14Þ

where zq and zk represents thequeryandkey embedding, respectively.
The knowledge distillation was achieved by minimizing
Kullback–Leibler (KL) divergence of similarity distributions

LCMD =KL pðzjointk , τtÞjjpðzmotion
k , τsÞ

� �
+KL pðzmotion

k , τtÞjj
����p zjointk , τs
� �� �

ð15Þ

pi z, τð Þ=
exp zT ni

τ

� �
PK

i = 1 exp
zTni
τ

� � , i= 1, 2, . . . ,K ð16Þ

where τt and τs are a teacher and a student asymmetric temperature,
respectively. All hyperparameters used to optimize the CLOSER fra-
mework are listed in Supplementary Table 3.

Temporal segmentation. For consideration of temporal dynamics in
behavior sequences, we modified the majority vote algorithm to split
sequential frames into semantic motion segments. An action repre-
sentation zi was computed by

zi =ST� GCNjoint segmenti
� � ð17Þ

for ith segment segmenti and the projection head-free query encoder
ST� GCNjoint for joint modality. In dynamic temporal segmentation,
we define the set Si as

Si = segmentjji� T + 1≤ j ≤ i+T � 1
n o

ð18Þ

where T is the segment length, which is set to 10. We labeled each
segment in Si with k-means clustering in the embedding space, then
assigned the most frequent frame-level label.

Label framei
� �

= argmaxs2Si Label ST� GCNjoint sð Þ
� �n o

ð19Þ

The consecutive frames with identical labels were paired to
represent a behavioral unit. In addition, we employed a keypoint
change score function52 for further estimation of the ability of the
framework to capture the robust shift in the action skeleton.

Linear regression
The linear correlation of conventional depressive-like behaviors and
spontaneous behavior was driven by fitting a linear regression model
that predicts the immobility time (s) in TST and FST or sucrose pre-
ference (%) in SPT using the fold change of behavioral syllables. For a
given variable Xi and observations y, the linear regression model

calculates coefficients βi and residual β0 by minimization of the fol-
lowing equation.

L=
1
2

y� ŷ
� �2 ð20Þ

where y=β0 +
P

i βiX i. Then, we estimated the coefficient of deter-
mination, the R2 score, for the numerical expression of predictability
for the dependent variable from discriminant-relevant syllables.

Anomaly detection
Model configuration. To estimate the behavioral abnormalities of the
disease model mice, we employed a Message-Passing Encoder-Deco-
der Recurrent Neural Network (MPED-RNN) model53. At each time
point t, we decomposedmouse 3D pose representations f it = ðxi

t , y
i
t , z

i
tÞ

into a global component f gt and a local component f l, it , where
f it = f

g
t + f

l, i
t for each ith-key joint. The global component represents a

motion of the body center, implying a change in the absolute position
of the 3D pose representation. It is modeled as the combination of the
coordinates of the body center and the body’s bounding cuboid.
Hence, we defined the global components as f gt = ðxg , yg , zg ,w, l,hÞ.
Each feature of the global component was calculated with the follow-
ing equations:

xg =
max xi

� �
+ min xi

� �
2

; yg =
max yi

� �
+ min yi

� �
2

; zg =
max zi

� �
+ min zi

� �
2

ð21Þ

w= max xi
� ��min xi� �

; l = max yi
� ��min yi

� �
;h= max zi

� ��min zi
� �
ð22Þ

We defined the local component as a relative motion of key joints
with respect to the body center. It was calculated from the global
component as follows:

xl, i =
xi � xg

w
; yl, i =

yi � yg

l
; zl, i =

zi � zg

h
ð23Þ

We introduced encoder Gated Recurrent Units (GRU) modules
and decoder GRU modules for both the global and local components
to implement MPED-RNN. Each module sends messages to its coun-
terpart and receives messages for the calculation of the latter state.
The messages exchanged in the module with current state h were
computed as specified below,where σ denotes the activation function,
W represents the weight, and b is the bias term:

messagel!g
t =σ Wl!ghl

t�1 + b
l!g
t

� �
ð24Þ

messageg!l
t =σ Wg!lhg

t�1 + b
g!l
t

� �
ð25Þ

Then, to generate training segments, we used a utilized sliding-
window strategy as follows:

segmenti = ff tgt =bi ::ei ð26Þ

for bi = s × i, ei = s × i+T , where the sliding stride s = 10 and the
segment length T = 60. Inmodel training, wemeasured reconstruction
and prediction loss using the loss function suggested by Morais,
Romero, et al.:

L* segmenti
� �

=
1
2

�
1
T

Xei
t =bi

��f *t � f *t
����� ���2
2
+

1
P

Xei +P
t = ei + 1

�� f *t � f *t
����� ���2
2

ð27Þ
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where P represents prediction length, which was set to 30, and *
denotes either l or g. The training and validation data sets were split
into an 80:20 ratio.

To calculate the framei anomaly score anomaly scoreðframeiÞ, we
used the following equation:

anomalyscore frameið Þ =
P

segment2Si
P

l, gf g L* segmentð Þ
T

ð28Þ

where Si = fsegmentj ji� T + 1≤ j ≤ i+T � 1g denotes the set of seg-
ments containing f ramei. For simplicity, we only considered frames
belonging to T segments and analyzed the distribution of frame-wise
anomaly scores for the evaluation of abnormality in the disease group
compared to its control group.

Visualization. To visualize the embedding spaces of the global and
local components, we leveraged an unsupervised deep anomaly
detection approach called LatentOut,whichwasdevelopedbyFabrizio
Angiulli et al.29.With themeanμ and standarddeviation for an anomaly
score distribution σ, we normalized anomaly scores with the following
equation:

anomalyscore
normalized framei

� �
=
anomalyscore framei

� �� μ

σ
ð29Þ

Then, we projected the results for the embedding structure of
global and local components using PCA onto a 3D coordinate system
with the z-axis defined as

z framei
� �

=

P
frame2Nk frameið Þ anomalyscore

normalized frameð Þ
k

ð30Þ

where Nkð:Þ is the k-nearest-neighbor using default parameters (k = 5).
In the nearest neighbor module, distance was defined as Euclidean
distance between projected cartesian coordinates and the normalized
anomaly score.

Hierarchical clustering
To estimate the overall clustering structure of the CLOSER framework,
we performed a hierarchical recategorization of the embedding. An
average embedding zc for behavioral cluster c was measured accord-
ing to

zc =
P

zic
N

ð31Þ

where zi is the embedding information of the ith segment in cluster c,
and N is the number of segments in cluster c. We leveraged the Scikit-
learn (sklearn)module for agglomerative clustering to group clustered
objects based on similarity using complete linkage.

Dimensionality reduction
Principal component analysis (PCA). To extract the features of high-
dimensional behavioral sequences using variance-maximizing
projection54, we employed the Scikit-learn implementation of PCA
with 13 components, with default parameters: (i) whiten = False, which
preserves the original variance scales, (ii) svdsolver =

0auto0, which
determines the most efficient singular value decomposition strategy
based on the input dimensions and the chosen number of
components.

Uniform manifold approximation and projection (UMAP). We intro-
duced UMAP to perform nonlinear dimensionality reduction, with the
preservation of the topological structure of behavioral data within a
low-dimensional embedding55. We leveraged the UMAP implementa-
tion in 13-dimension, with default settings: (i) nneighbors = 15, (ii)

mindist = 0:1, and (iii) metric = 0euclidean0 in pairwise distance
measurements.

Benchmarking
To estimate the quality of the embedding precisely, we compared it to
that of existing motion analysis frameworks, VAME and
keypoint-MoSeq.

Variational animal motion embedding (VAME). For the VAME, we
modified the input structure to accept 3D behavioral segments as
input through the extension of the number of features, from 12 to 27,
and the embedding dimension, from 30-dimension to 108-dimension.
In model training and inference, we adjusted the frame lengths of
reconstruction and prediction methods to ten and five frames,
respectively. All 3D pose trajectories were concatenated across ani-
mals and conditions and then windowed into 10-frame segments. Each
segment was normalized and fed into the VAME encoder in batches of
4096 segments. From each batch, the VAME encoder produced a
4096 × 108 array of latent means (μ), followed by the concatenation of
all batches to reconstruct a full embedding matrix. As the variational
autoencoder architecture of the VAME consists of an encoder and a
decoder, each using GRUs, we trained the model with the given para-
meters for reconstruction, prediction, andKLdivergence,which shows
the maximal performance in behavioral classification. For the i-th
segment segmenti, we generated the action representation.

zi =VAMEencoder segmenti
� � ð32Þ

We applied both a Hidden Markov Model and k-means clustering
after majority voting to assign frame-wise cluster labels.

Keypoint-MoSeq. For the keypoint-MoSeq, we configured the model
to align with its key joints and connections, maintaining consistency
with the variational autoencoder structure. The 3D pose trajectories
were loaded and directly subjected to PCA, while omitting the noise-
calibration step, which had been applied in AVATAR calibration. We
then initialized and fit an autoregressive hidden Markov model on the
PCA projections, followed by fitting the MoSeq model. Calculated
inferred state sequences were exported to obtain frame-wise beha-
vioral syllable labels for downstream analysis.

The details of hyperparameters for both VAME and keypoint-
MoSeq are listed in the Supplementary Information (Supplementary
Table 5).

Investigation of representative behavior phenotypes
A behavior segmentation system requires the ability to cluster motion
sequences into discrete modules of action for further ethological
interpretation. Hence, we inspected exemplary behavior phenotypes
(i.e., walking, turning, rearing, and falling) from automatically categor-
ized motion segments to identify the semantic implementation of the
framework. For behavior segments longer than 10 frames, we equally
divided the segments into 10 sections and averaged each metric over a
single section to summarize the behavioral features on an identical time
scale. The set of frames Fn involved in cluster n was defined as

Fn = x j
i , y

j
i , z

j
i

� �
j 2 Joint
�� ��s ≤ i≤ en o

ð33Þ

with start frame s and end frame e for key joints Joint.
The i-th behavior segment in “walking” clusters was evaluated

withmoving distance di where distð:, :Þ denotes the Euclidean distance
between two body points from consecutive time sections t and t � 1.

di =
P

dist x j
t , y

j
t , z

j
t

� �
, x j

t�1 , y
j
t�1 , z

j
t�1

� �� �
N ,

N = e�s + 1
10 , s + i� 1ð ÞN + 1≤ t ≤ s + iN

ð34Þ
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To measure the degree of “turning”, we measured the angle

ai =

P
angle v1t , v2t

� �
N

;N =
e� s + 1

10
; s + i� 1ð ÞN + 1≤ t ≤ s + iN ð35Þ

between the anus-body center vector, v1, and the body center head
vector, v2, where angleðv1, v2Þ=acos v1�v2

jv1jjv2j. For the qualification of
behavior segments in “rearing” and “falling”, we measured the height
of the nose as follows:

hi =
P

znoset

N
ð36Þ

for N = e�s + 1
10 , s + ði� 1ÞN + 1≤ t ≤ s + iN.

Normalization
We normalized the frequency and transition probabilities for the
behavioral clusters using the initial behavior structurewhile considering
individual variance in the exploratory behavior paradigms throughout
the subjects. We implemented fold change of a cluster frequency
FreqNorm and transition probability pNorm for the k-th segment xk :

FreqNorm cl , weekm,mousen
� �

=
jfxk jxk 2 weekm \mousen, Label j

j xk, j, xk 2 week0 \mousen, Label xk
� �

= cl
	 
j

ð37Þ

pNorm ci ! cj , weekm,mousen
� �

=
jfðxk�1, xk jxk�1, xk 2 weekm \mousen, Labelðxk�1Þ= ci, Labelðxk Þ= cjgj
jfðxk�1, xk jxk�1, xk 2 week0 \mousen, Labelðxk�1Þ = ci, LabelðxkÞ= cjgj

ð38Þ

Linear discriminant analysis (LDA)
To calculate the class-separability through a dimensionality reduction,
we projected the training configuration of LinearDiscriminantAnalysis
(in sklearn) results into the plane

ðx, yÞprojected = LDA ST� GCNjoint xi
� �� �

ð39Þ

for labeled data x = ts + e
2 �T

2
, ts + e

2 + T
2�1

� �
, y= c

n o
.

Pearson correlation coefficient
To evaluate the linear relationships between embedding vectors, we
calculated the Pearson Correlation Coefficient (PCC) by dividing the
covarianceof the variables by the product of their standard deviations,
yielding a value between −1 and 1, as follows:

rxy =
E X � μX

� �
Y � μY

� �� �
σXσY

ð40Þ

where X and Y are latent vectors, μX and μY are respective means, and
σX and σY are standard deviations.

k-nearest neighbor classifier
For quality evaluation of latent embedding, we employed a non-para-
metric, k-Nearest Neighbor (k-NN) classifier that predicts the label of
an input instance by identification of the k closest labeled neighbors
within the feature space and assignment of label usingmajority voting.
We utilized the KNeighborsClssifier from the Scikit-learn library with
default parameters: five neighbors (Nneighbors = 5) with uniform voting
weights, using the Minkowski distance (p= 2) corresponding to the
Euclideanmetric. The classifier was configured to automatically select
an optimal search algorithm (algorithm= 0auto0) with a leaf size of 30,
without additional metric parameters.

Random forest classifier
To verify the behavioral correlation between free movement and
depressive-like behaviors, we obtained the confusionmatrix for control
and depressive-like behavior model mice utilizing the Random Forest
Classifier (from sklearn) with default settings. The Random Forest
Classifierwas trainedwithfivefold validation. Toprepare thedataset,we
partitioned 20-min sample recording videos into 5-min sections and
calculated fold changes for cluster frequencies and transition prob-
abilities as described in “Normalization”. To validate the size invariance
ofCLOSER andother benchmarking algorithms, eightymale and female
mice were divided into five weight categories, spanning 18 × g to 28 × g
in 2 × g increments. The Random Forest classifier was trained to predict
the weight categories from the embedding vectors extracted in non-
overlapping 100-frame strides from behavioral sequences. We trained
the classifier with 5-fold cross-validation in the default setting and
evaluated the performance using precision, recall, and F1 score.

SHapley additive exPlanations (SHAP) analysis
To investigate the influence of behavioral cluster frequencies on clas-
sifier decisions, we applied a SHAP analysis56 using the scikit-learn
library. Initially, we trained a RandomForestClassifier without employ-
ing k-fold validation followed by TreeSHAP57, which defines the value
function through conditional expectation to extract SHAP values. Given
the feature set N, a subset S, the classifier function f, and the input x, f_S
(x) denotes the classifier output restricted to S, which can be further
described as the conditional expectation f SðxÞ=E½fðxÞjx S�. The SHAP
value for the i-th feature was then calculated as follows.

ϕi =
X

S�Nfig

Sj j! Nj j � Sj j � 1ð Þ!
Nj j! fS∪ if g xð Þ � f S xð Þ� �

ð41Þ

Leveraging the additivity of the SHAP value, average absolute
SHAP values for overall feature importance were calculated and
depicted as cumulative bar graphs, while SHAP values for individual
groups were represented using beeswarm plots.

Transition probability
The transition probability from behavioral cluster ci to behavioral
cluster cj was generated from the conditional probability of the
LabelðxkÞ= cj transition given Labelðxk�1Þ= ci, where LabelðxkÞ defines
the behavioral cluster of the k-th segment xk :

pci!cj
=

xk�1, xk
� �jLabel xk�1

� �
= ci, Label xk

� �
= cjk

n o��� ���
xk�1, xk
� �jLabel xk�1

� �
= ci

	 
�� �� ð42Þ

To compute the change in transition probability for a behavioral
cluster, we estimated the difference of each transition probability and
visualized leveraging the network analysis framework NetworkX. Only
transitions whose alteration was significant (p < 0.05) were displayed
in transition graphs.

Statistics
Statistical analysis and graphs were produced in Python (3.10.12) and
GraphPad Prism 10. Time-series datasets were analyzed by two-way
ANOVA with Geisser-Greenhouse corrections. Post hoc analysis for
multiple comparisons leveraged the Benjamini–Hochberg test to
control the false discovery rate, which we fixed at 0.05. For the esti-
mation of significance in groups of more than two, we estimated one-
way ANOVAs with a 95% confidence interval and Dunnett’s post hoc
analysis for multiple comparisons to the control group. Two-group
comparisons, including those for syllable usage and syllable subset
analysis, were performed using two-tailed unpaired t-tests (para-
metric) if the group passed the Anderson–Darling (AD) normality test.
Otherwise, we used a Mann–Whitney test (non-parametric) to deal
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with a non-Gaussian distribution. Classification performance of k-NN
and random forest classifiers was summarized with average values and
standard deviation of precision, recall, and F1 scores. Box graphs show
the 25th–75th percentiles for the whole dataset with a line indicating
the median. Bar graphs and timelines present means ± standard error
of the mean. Asterisks denote levels of statistical significance as fol-
lows: *p <0.05, **p <0.01, ***p <0.001, and ****p <0.001. More detailed
descriptions are summarized in Supplementary Data 1, with statistical
significance marked with yellow blocks.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Details for experimental batches and sample sizes for all experiments
are provided in Supplementary Table 4. Statistical tests are clarified in
Supplementary Data 1. The mouse 3D action skeleton data associated
with the study are available at https://zenodo.org/records/13585818
(https://doi.org/10.5281/zenodo.13585818)58. Source data are provided
with this paper.

Code availability
The open-source code and documentation of the CLOSER framework
are available at GitHub (https://github.com/ChoiSian/CLOSER-for-
tailored-diagnosis-of-depression-in-mice), Zenodo (https://doi.org/10.
5281/zenodo.13585818), and fromthe corresponding authoron request.
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