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Accurate assessment of animal behavior is limited by manual video observation. Here, we demonstrate that deep
learning-based analysis of multi-site electromyograms enables classification of behavioral states. Electromyo-
grams were recorded from five muscles in the limbs and neck of mice alongside video monitoring to establish
ground-truth labels (i.e., walking, grooming, rearing). A custom convolutional neural network was trained on

electromyogram segments. Our model achieved robust classification accuracy, demonstrating the effective
detection of behavioral patterns. Our electromyogram-based model provides an objective, automated, and
scalable framework for behavioral classification, which can be seamlessly integrated with video monitoring

workflows.

Accurate classification and assessment of animal behavior are para-
mount in behavioral pharmacology.>? Traditional methods often rely on
manual observation, but they are time-consuming, prone to subjective
bias, and lack the temporal resolution needed to capture rapid behav-
ioral changes.®® Automated tracking systems reduce the errors and fa-
tigue to some extent, but still rely primarily on gross postural changes.®
Consequently, the precise behavioral onset is visually ambiguous,
limiting the accurate detection of movement initiation from postural
observation alone.

To address this issue, we focus on instantaneous muscle activation
patterns during various activities. Moment-to-moment muscle activity
reflected by electromyograms (EMGs) can unveil animals’ physiological
and behavioral phenotypes more precisely than observations based
solely on their posture or locomotion.” Yet, unlike canonical electro-
physiological oscillations in the brain, traditional frequency-based
methodology such as the Fourier and wavelet transforms is not neces-
sarily effective for extracting features from rapidly changing,
non-stationary signals like EMGs. Hence, we hypothesize that
EMG-derived features can be deciphered by a deep learning-based
approach, which would lead to accurate classification of animal
behavioral states.

To test this hypothesis, we recorded electromyograms in five body
parts (i.e., the neck, right and left arms, and right and left thighs) of mice
with video monitoring of their behavior in a home cage. We annotated
each video clip with behavioral states such as walking, rearing,

grooming, and others, and constructed a convolutional neural network
that allowed for classification of behavioral states based on EMGs, after
which the classification performance was evaluated.

Full experimental procedures are described elsewhere (Supplemen-
tary materials).

All experiments were performed with the approval of the animal
experimental ethics committee at the University of Tokyo (approval
number: A2025P007). All efforts were made to minimize animal
suffering. Eight 7- to 11-week-old C57BL/6J mice were housed under
conditions of controlled temperature and humidity and maintained on a
12:12-h light/dark cycle with ad libitum access to food and water.

A recording interface assembly was prepared as previously
described.® ! The assembly was composed of an electrical interface
board (EIB) and other bodies. The EIB had a sequence of metal holes for
connections with wire electrodes. A given individual hole was con-
ductively connected with one end of the wire, whereas the opposite end
was soldered to a corresponding individual electrode.

General anesthesia was maintained with isoflurane gas. After com-
plete anesthesia, a mouse was laid on its stomach. To record neck EMGs,
an incision was made at the dorsal neck area. A wire electrode was
implanted into the trapezius. For limb electromyograms, the mouse was
positioned on its side. Wire electrodes were prepared with one end
forming a loop and the other straight end for connection to the electrical
interface board. For each hindlimb, an incision was made near the biceps
femoris, and two electrodes were sutured to the muscle. The electrodes
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for the biceps femoris were sutured to the muscle surface 2 cm from the
heel. Two electrodes were sutured to the muscle near the biceps brachii
on each forelimb. The straight ends of electrodes were subcutaneously
slipped along the back, emerging from the incised dorsal neck area.® The
mouse was then laid on its stomach and mounted onto a stereotaxic
apparatus.” After the scalp was removed, circular craniotomies were
performed. Two screws were implanted into the bone above the cere-
bellum as ground and reference electrodes. Two anchor screws were
implanted posterior to bregma. Each of the ends of ground and reference
electrodes was connected to the recording interface assembly. After
implantation, the mouse was scanned using an X-ray imaging system
(CosmoScan GXII, Rigaku, Japan).lz’13 The electrodes were anatomi-
cally localized using radiographs taken from the ventral and left side
views (Fig. 1A).

A transparent cage was placed at a height of 65 cm (Fig. 1B). A
camera was placed on the floor to monitor the behavior from the bottom.
The strobe signals were transmitted to a data acquisition system to
synchronize with electrophysiological signals.'®'' Recordings were
initiated 1-2 days after surgery, following careful confirmation of
normal locomotion, whisking, and wound healing, because recovery
periods exceeding 3 days carried a high risk of electrode detachment.
The EIB of the recording interface assembly was connected to a digital
headstage (CerePlex i, Blackrock Neurotech). The digitized signals were
amplified and transferred to the data acquisition device via cables. EMG
signals were digitized at 2 kHz and recorded for 1 h (Fig. 1C).

All data analyses were performed using custom-written Python
scripts. The summarized data are reported as the mean + the standard
error of the mean. The null hypothesis was rejected when P < 0.05. The
custom code used for the analysis is publicly available at https://github.
com/UT-yakusaku/EMG-based_Behavioral_Classification.

To generate ground-truth labels for our deep learning model, mouse
behaviors were classified using videos. DeepEthogram was employed to
annotate four labels comprising three defined behavioral states (i.e.,
grooming, rearing, and walking) and an uncategorized state (hereafter
referred to as “others™) (Fig. 10).>1

EMG signals were processed to extract only behavior-relevant data
segments. A bandpass filter was applied to the raw signals between 20
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Hz and 500 Hz. Signals from paired electrodes were subtracted to create
differential EMG channels. This differential configuration served to
minimize electrocardiographic artifacts in limb muscles, which would
inherently attenuate signal amplitude compared to the monopolar
configuration used for the neck EMGs (Fig. 1C). All recorded signals
were visually inspected, but no segments were excluded due to artifacts
in this study. Each resulting value was standardized by converting to Z-
scores. The consistency of EMG recordings across mice was confirmed by
comparing power spectral profiles (Fig. S1). The continuous EMG data
were segmented into 0.4-s epochs based on behavioral labels.

To classify mouse behaviors from the processed EMG signals, we
developed and trained a convolutional neural network (CNN) for each
mouse. The preprocessed EMG segments for each mouse were divided
into a training set and a validation set at a chronological ratio of 4:1 to
prevent data leakage; that is, we ensured that no future data was
included in the training data. The CNN, implemented in PyTorch,
accepted an input tensor of 5 channels x 800 time samples and consisted
of three sequential convolutional blocks with 32, 64, and 128 filters,
respectively (Fig. 2A). The two-dimensional convolutional architecture
was designed to capture spatial relationships among the five muscle
recording sites. The number of layers and hyperparameters were
determined based on preliminary trials. Each convolutional layer was
followed by a rectified linear unit (ReLU) activation and a max-pooling
layer. The feature map from the final block was flattened and passed
through two fully connected layers (128 units each) with ReLU activa-
tion and dropout (rate = 0.3). The model was trained using the Adam
optimizer (initial learning rate = 1 x 10~*) and a weighted cross-entropy
loss function to address class imbalance. The learning rate was dynam-
ically adjusted, and early stopping was implemented based on the
validation loss.

We assessed the performance of each individual-specific classifier on
its validation set based on the confusion matrix (Fig. 2B). To visualize
the learned feature space, we applied uniform manifold approximation
and projection (n neighbors = 15, min dist 0.1, and metric
‘euclidean’), called UMAP,'® to the activations from the penultimate
layer of the network (Fig. 2C). Crucially, this classification performance
was maintained in the overall evaluation across the entire cohort of mice
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Fig. 1. Multi-site electromyograms in behaving mice. A, Representative pictures of a mouse scanned using an X-ray imaging system from the side (left) and bottom
(right) to visualize electrodes in the body. B, A simplified cartoon of our experimental setup. C, Representative traces of adjusted electromyograms in the left
hindlimb, left forelimb, right hindlimb, right forelimb, and neck. Three (i.e., walking, rearing, and grooming) and unidentified states are defined by DeepEthogram.
Abbreviations: N, neck; LH, left hindlimb; LF, left forelimb; RH, right hindlimb; RF, right forelimb; EMG, electromyogram.
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Fig. 2. Convolutional neural network-based classification of behavioral states from multi-site electromyograms. A, Architecture of our convolutional neural network
model. The model received multi-site electromyograms as an input, and classified behavioral states into walking, rearing, grooming, and others as an output. B, A
representative confusion matrix of labels predicted by our model (described in A; predicted labels) and predetermined by DeepEthogram (i.e., true labels). Darker
blue indicates a higher number of EMG segments classified by our deep learning model. C, Two-dimensional visualization of the latent features extracted from the
convolutional neural network using UMAP. Each point represents a single EMG segment. Colors indicate behavioral labels. D, Classification accuracy of our model
trained on real labels and surrogate labels. E, F1 scores of classifications of our model for “walking” states. Our model exhibits significantly higher F1 scores when
trained on real labels than when trained on surrogate labels. F, Same as E, but for rearing. G, Same as E, but for grooming. Abbreviations: EMG, electromyogram; conv,
convolutional layer; mp, max-pooling layer; fc, fully connected layer; W, walking; R, rearing; G, grooming; O, others; UMAP, uniform manifold approximation

and projection.

(Fig. S2). We then compared the performance of our models with that of
surrogate models, which were trained on the same dataset with the same
network architecture and training procedures except for randomly
shuffled labels of behavioral states. Our model exhibited significantly
higher accuracies than the surrogate model (0.67 + 0.01 (real) vs. 0.24
+ 0.02 (surrogate), P = 2.0 x 1077, t; = 20, n = 8 mice, paired t-test;
Fig. 2D), suggesting that our model extracted specific patterns in EMGs
to predict behavioral states. Moreover, F1 scores were significantly
higher in our model than the surrogate for walking (0.64 + 0.03 (real)
vs. 0.23 £ 0.06 (surrogate), P = 3.8 x 10’4, t; = 6.4, n = 8 mice, paired
t-test; Fig. 2E), rearing (0.65 + 0.03 (real) vs. 0.11 + 0.05 (surrogate), P
=8.3 % 10_5, t; = 8.1, n = 8 mice, paired t-test; Fig. 2F), and grooming
(0.72 £ 0.05 (real) vs. 0.09 £ 0.06 (surrogate), P = 1.2 x 10’5, t; =11,
n = 8 mice, paired t-test; Fig. 2G).

Here, we constructed a deep learning model that classified animal
behavior using multi-site EMGs and investigated its practicality and
limitations. The model achieved a classification accuracy of approxi-
mately 0.7, suggesting a potentially beneficial analytical tool under
controlled experimental conditions. Our classification uses a 0.4-s win-
dow (yielding a temporal resolution of 2.5 Hz), which is lower than the
video frame rate (30 Hz). The strength of EMG-based analysis lies not in
temporal resolution, but in its ability to capture physiological signals
underlying behavior, especially when video analysis is unavailable.
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Our model is useful particularly when high-precision video-based
behavioral analysis (e.g., DeepEthogram) is not applicable. When an
animal enters a tunnel, shelter, or other enclosed structures, behavioral
information is unavailable from video clips. In particular, "grooming"
was classified with high accuracy due to a distinctive muscle activation
pattern, whereas the most prominent confusion occurred between
"walking" and "rearing" (Fig. S2). These results suggest an intrinsic dif-
ficulty in distinguishing these two behaviors based solely on EMG pat-
terns, possibly because of physiological commonality that both
behaviors involve sustained activity of the hindlimb muscles. Addi-
tionally, misclassifications into the "others" category can be attributed to
the diversity of subtle behavioral nuances. More generally, mis-
classifications may stem from temporal uncertainty in ground-truth la-
bels. As video analysis relies on gross postural changes, the
determination of the precise behavioral onset is inherently challenging.
Therefore, the discrepancy and uncertainty at behavioral transitions
likely reflect the limitations of video-based definitions.

Another limitation lies in cross-animal generalization. The
individual-specific classifiers achieved an accuracy of approximately
0.7, whereas the cross-animal classifier evaluated by leave-one-out
cross-validation yielded an accuracy of 0.47 + 0.11 (Table S1). This
performance drop likely reflects inter-individual variability in EMG
signal characteristics arising from differences in electrode placement
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and muscle anatomy. In this sense, when applying our framework to a
new animal, initial behavioral labeling using video analysis would be
required to train an individual-specific classifier, after which EMG-based
classification can proceed independently. Additionally, the use of mul-
tiple wire electrodes in freely behaving animals may impose practical
constraints, such as wire entanglement during prolonged recordings or
complex movements, potentially limiting recording duration or behav-
ioral freedom. Furthermore, extension to simultaneous multi-animal
recordings remains challenging due to potential cable entanglement
between animals. Wireless recording systems may address this issue in
future studies. Beyond these practical constraints, defining behavioral
states solely from EMG signals remains technically demanding.
Increasing the number of recording sites may enable muscle-based
behavioral definitions, but video-based labeling is still practical for
establishing ground truth at present.

Since both EMG- and video-based methodologies have complemen-
tary advantages, an integrated framework will pave the way for more
robust and accurate behavioral classification architectures, thereby of-
fering more objective and precise representations of an animal's motor
control and behavioral repertoire.
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Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
0rg/10.1016/j.jphs.2026.01.007.
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