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automatic prediction of mouse
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The study of ultrasonic vocalizations (USVs) is fundamental as they represent a primary form of
communication in mice, offering valuable insights into their social behaviors and underlying neural
processes. This study introduces the first deep learning system designed to predict mouse behavior
using only USVs as input. Applied to both wild-type (WT) and p50 knockout (KO) transgenic mice
that present behavioral deficits, our results reveal a clear correlation between mouse communication
and behavior. We also observed asymmetric cross-genotype generalization: models trained on WT
USVs generalize to KO mice, whereas models trained on KO data fail to generalize to WT, suggesting
differences in the distribution of spectrotemporal patterns between genotypes.
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Ultrasonic vocalizations (USVs) are emitted by mice for communication between themselves, typically
ranging from 30 kHz to 110 kHz"2. These vocalizations play a significant role in mouse interactions across
different life stages®. As infants, pups vocalize to attract maternal care*, while in adolescence and adulthood,
mice produce USVs during social interactions which are associated with social bonding™® as well as social and
sexual behaviors’. Despite the importance of these vocalizations, the relationship between USVs and specific
behaviors remains largely unexplored. Some studies have attempted to establish this link. For example, Asaba
and colleagues® investigated the function of the USVs emitted during male-female interaction, demonstrating
USVs importance in sexual attractiveness and reproductive success. However, most studies have focused on
more simplistic handcrafted features, such as the patterns and shapes of USVs®!1, thereby limiting the scope
of exploration and findings. In particular, the study in® reported distinct USV patterns associated with specific
social activities performed by male mice. In that work, behavioral decoding was based on manually defined
acoustic descriptors and vocal categories, followed by statistical classification. Similarly, de Chaumont et
al.! combined long-term behavioral tracking with call-level acoustic analysis to investigate the relationship
between vocalizations and social interactions. These studies have contributed to clarifying how specific vocal
patterns relate to behavioral states, primarily through segmentation-based and feature-level characterization.
Additionally, our research group examined the diversity of ultrasonic communication patterns emitted by two
groups of mice, identifying significant differences in pattern lengths between the groups!!.

More recently,!? explored the link between USVs emitted by mouse pups and their behavior during
adolescence. They found a strong positive correlation between call rate and sociability: mice that were high
vocalizers as pups exhibited more prosocial behavior later in life. According to their findings, the number of
neonatal USVs can serve as a predictor of future prosocial tendencies in mice. In parallel, recent methodological
advances have also improved the precision of USV attribution during social interactions. For example, Sterling
et al.!3 introduced a high-precision hybrid acoustic localization system to assign vocalizations to individual
emitters, while Oliveira-Stahl et al.'* developed refined localization algorithms and analyzed how acoustic
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features vary with spatial relationships, sex, and genotype. These studies significantly enhance the spatial and
acoustic characterization of mouse communication. However, they do not address the automatic prediction of
behavior directly from vocal signals.

In the last few years, artificial intelligence has gained significant importance in this field and beyond. While
several studies have employed deep learning techniques, primarily for USV call segmentation, detection and
classification!>2!, none has investigated behavior prediction starting from USVs as input. In this paper, we
present the first deep-learning-based algorithm capable of automatically recognizing mouse behavior on the base
of USV communication. Unlike previous approaches based on predefined acoustic features or vocal categories,
the proposed framework operates in an end-to-end manner, directly learning discriminative representations
from spectrogram inputs without explicit feature engineering.

Our analysis encompasses both control wild-type (WT) mice and p50 knockout (KO) mice. p50 KO mice
have a deletion of the NFKB1 gene, coding for the NF-£B p50 subunit. NF-kB is an important transcription
factor, ubiquitously expressed, that regulates several functions such as inflammation, cell survival and death??23,
in cell plasticity and morphology remodeling?*-2® and neurogenesis?’. Our research group characterized p50
KO mice as a model of neurodevelopmental disorders, indeed p50 KO mice have an abnormal columnar
organization in the somatosensory cortex and altered neurite orientation, associated with hyperactivity, social
interaction deficit, altered ultrasonic communication?®-*. All these cortical and behavioural alterations have
also been reported in several NDDs models!*2. In this paper, we considered this model of neurodevelopmental
disorders and curated a dataset by recording audio-video files of mice activities and annotating mouse behaviors
through video analysis. Then, we designed a deep neural network (DNN) classifier**>* to identify the behavior
class from the pre-processed audio clips. By comparing the prediction results with ground truth annotations, we
aim to uncover correlations between USVs and behaviors (see Fig. 1 for an overview of the proposed high-level
framework).

Materials

39 male wild-type (WT) (B6;129PF2) and 37 male NF-£B p50 knock-out (KO) (B6;129PF2- NF-xB 1tm 1 Bal/])
adult mice (3 months of age) were used. For the social test, 10 adult WT and 10 adult KO female mice were used
as stimulus mice. Mice were purchased from the Charles River Laboratories (Calco, Italy) and housed in groups
of 3-4 mice in standard cages (15 cm wide x 35 cm long x 12 cm deep) in our animal facility in a 12 hours light/
dark cycle (lights off at 19:00) with food and water ad libitum. Temperature (234 2°C) and humidity (55+15%)
in the cage were automatically regulated by the Sealsafe Aero System by individually ventilated cages with EPA
filters (Tecniplast Group, Italy). All experiments were performed according to European Communities Council
Directive guidelines (CEE N°86/609) and approved by the Animal Welfare Committee (Organismo Preposto
al Benessere Animale, OPBA) of the University of Brescia and by the Italian Ministry of Health.

Methods

Behavioral and USV recording

To observe mice interactions, male mice were isolated in their cages for 3 days and on fourth day an unfamiliar
female of the same genotype was introduced in the cage of isolated male (resident male) for 5 minutes. On the
day of reciprocal social interaction, the vaginal estrous phase of female mice was checked as previously described
in®. They were distributed in a balanced way, that is, the experimental males of the same experimental group
encountered half of stimulus females that were in diestrous and half of stimulus female in estrous. A camera
(Basler monochrome Near Infra-Red GigE camera, Noldus, The Netherlands), positioned 20 cm above the
cage, recorded their behavior for five minutes. Mouse behaviors were categorized into two broad groups: social
behaviors, which include body sniffing, anogenital sniffing, nose sniffing, mounting, following, and contact; and
non-social behaviors, including cage exploring, digging, self-grooming, and rearing. This classification (social
and non-social behavior) was chosen to simplify the analysis while capturing the essential differences between
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Fig. 1. High-level system overview applied to both WT and KO mice (pink box). Ground truth acquisition
(green box): video recording with manually annotated behaviors. Behavior prediction (blue box): USV
recording and classification.
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interactions involving direct engagement with another mouse and those that do not. Specifically, the time spent
by test mice participating in both social behaviors and non-social behaviors were observed and quantified by
two independent operators obtaining consistent behavioral ratings. Observer XT (version 14.1, Noldus, The
Netherlands), a specialized commercial software for behavioral analysis®**® was used. During the test, USVs
emitted by the mice were recorded using a microphone, placed vertically 20 cm above the cage, with a sample
rate at 250 kHz sensitive to ultrasound frequencies (CM16/CMPA, Avisoft Bioacoustics, Berlin), as previously
described in33237_ In total, we collected 76 video and audio files, each 5 minutes long, consisting of 39 from WT
mice and 37 from KO mice.

High-level framework

To explore the correlation between mice USVs and behaviors, we designed a Deep Neural Network (DNN)
acting as a classifier for the pre-processed audio clips. The objective of this classifier is to extract features from
the associated audio spectrograms and then determine whether the given clip corresponds to a social or non-
social behavior class. The overall framework is illustrated in Fig. 2. The convolutional-based DNN processes the
spectrogram as its input, in a way similar to an image classification task, and outputs probabilities for the two
classes. The predicted behavior class is determined by the one with the highest assigned probability.
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Fig. 2. Detailed pipeline of proposed system with exemplary samples.
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For training the DNN classifier, the audio clips are divided into three distinct sets: one for training the neural
network (70%), one for validation to optimize hyperparameters (15%), and one for testing (15%). Additionally,
given the distinct nature of WT and KO mice, we trained two separate neural networks for each strain of mice
and experimented with different segment durations d. This allows us to account for potential differences in
vocalization patterns and behavioral characteristics between the two groups of mice.

Pre-processing

The captured audio clips, synchronized with the captured videos, undergo pre-processing prior to the
classification by the neural network, as illustrated in Fig. 3. Given that mice emit USV's only sporadically (more
than 65% of the recorded audio contains no vocal activity), the recorded audio is filtered to extract fixed-length
segments of duration d containing a minimum proportion of ultrasonic vocalizations. Since USV signals are more
distinguishable in the time-frequency domain, each segment is firstly converted into a mel-scale spectrogram.
Then, to identify USVs for each time instance, the maximum magnitude is examined along the frequency axis of
the spectrogram. If this value exceeds a predetermined threshold 7, it is considered to contain USV signals in
that time instance. Finally, the percentage of the segment containing USV's is computed, and only segments where
this percentage surpasses a second threshold T}, are included in the dataset. Note that the minimum percentage
threshold T}, is applied independently of the chosen segment duration d, ensuring that each retained segment
contains a sufficient proportion of vocal activity regardless of its absolute length. These thresholds ensure that
only segments with meaningful vocalizations are retained for the analysis. This selection criterion is aligned
with the objective of the study, which is to assess whether behavior can be predicted specifically from vocal
communication. Including silent or near-silent segments would introduce contextual information unrelated to
acoustic signaling, therefore, only segments containing sufficient USV activity are retained for analysis.

To determine the appropriate segment duration d, the distributions of behavior duration, based on the human
annotation, are analyzed and shown in Fig. 4A. As the behaviors are observed to have shorter durations, typically
ranging from 0 to 2 seconds, we designed the experiments to include segment lengths d = {0.5,1, 1.5, 2}
seconds. For all experiments, the detection threshold T, is set to -10 dB, while the minimum percentage
threshold 7}, is fixed at 10%, independently of the selected segment duration. Figure 4B shows the resulting
number of pre-processed training and testing segments for WT and KO mice across different durations. We
recall that the complete audio-video recording from a given mouse was assigned exclusively to a single subset
(training, validation or test) before any segmentation was performed. This subject-level separation ensures
that all segments derived from the same animal belong to the same split, preventing information leakage and
avoiding potential repeated-measures bias. Notably, to prevent label ambiguity during training, we retained
only segments fully associated with a single annotated behavior; segments overlapping multiple behaviors or
behavioral transitions were discarded.

DNN classifier

We adopted a DNN-based classifier designed to process input spectrograms. As illustrated in Fig. 5, the model
comprises a feature extraction module followed by a classification head. The feature extraction module consists
of three convolutional layers, each employing a 3 x 3 kernel with a stride of 1 and padding of 1. Each convolution
is followed by Batch Normalization, a ReLU activation function, and a 2 x 2 Max Pooling layer with a stride
of 2 to down-sample the spatial resolution by half. The number of channels progressively increases from 1 (the
input spectrogram) to 32, 64, and 128 across the three stages. To accommodate variable temporal lengths, an
Adaptive Average Pooling layer aggregates the final feature maps to a fixed resolution of 4 x 4. The classification
head flattens these features into a 2048-unit vector, which is passed through a fully connected layer of 256 units,
a ReLU activation, and a Dropout layer with a 0.5 probability to mitigate overfitting, before the final linear
projection to the target classes. This architecture is implemented using the PyTorch framework?®.
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Fig. 3. Pre-processing filtering diagram. Each audio segment is first transformed into the frequency domain to
detect USV signals, and the segments with insufficient percentage of USV signals are then discarded.
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Fig. 4. Distribution of the duration of annotated social and non-social behaviors for WT and KO mice, based
on expert human annotations. Such distribution was used to guide the selection of the segment duration
adopted for model training. (B), Number of training and testing segments in social and non-social behaviors
for WT and KO mice after pre-processing. Segment counts directly reflect the subject-level split performed at
the recording stage prior to segmentation and pre-processing (=85% training/validation, ~15% test).
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Fig. 5. Model architecture of the proposed DNN classifier. It consists of a feature extraction module with three
convolutional layers followed by a classification head with fully connected layers.

Experimental results
Implementation details

To ensure the reproducibility, the model we used was implemented using PyTorch 2.5.0 and TorchAudio of
the same version, with a global random seed set to 42. Audio signals were processed at a sample rate of 250
kHz. Mel-spectrograms were extracted using a Fourier transform with 4096 frequency bins, a hop size of 1024
samples between successive frames, and 128 Mel filters, focusing on the 30-125 kHz frequency range. To train
the classifier, we employ the Adam optimizer®, an adaptive optimization algorithm widely used for its stable
and efficient convergence in deep learning models. We used a learning rate of 0.0005 and beta parameters set
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Fig. 6. Confusion matrices of the classification results, with the x-axis representing predicted classes and the
y-axis representing ground truth classes. Each entry indicates the percentage of predictions within each ground
truth class, with diagonal values showing correct classifications.
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Fig. 7. Class average accuracy across different segment durations. Left panel: performance when each
genotype-specific model (WT or KO) is trained and tested on the same genotype. Right panel: cross-genotype
performance, where models trained on one genotype are tested on the opposite genotype.

to (0.9, 0.999). We utilized a ReduceLROnPlateau scheduler to reduce the learning rate by a factor of 0.5
if the validation loss did not improve for 10 consecutive epochs. Training was conducted with a batch size
of 64 for 300 epochs using Cross-Entropy Loss. To address class imbalance in the training set, we employed
a WeightedRandomSampler, which assigns sampling weights inversely proportional to class frequency.
This strategy ensures that minority-class samples are drawn more frequently during mini-batch construction,
promoting balanced gradient updates without altering the original data distribution. Data augmentation was
applied during training with a probability of p = 0.5 for each technique, including time stretching (0.9-1.1x),
pitch shifting (2 semitones), and random temporal shifting. All code and hardware-specific configurations are
open-sourced for further reference.

Performance

Figure 6 presents the confusion matrices for classification results in both KO and WT mice across various
segment durations. The class-average accuracy, computed as the mean of the diagonal values of the normalized
confusion matrices (i.e., balanced accuracy), is reported in the left panel of Fig. 7. In addition, Table 1
summarizes class-wise recall, precision, and F1-scores for both social and non-social behaviors, together with
overall accuracy and balanced accuracy. Strong correlations between USVs and behaviors were observed, with
behavior classes (social vs. non-social) accurately predicted using audio alone, achieving average accuracies
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Social Non-social
Genotype | Duration (s) | Recall | Precision | F1 Recall | Precision | F1 Accuracy | Bal. Acc
2 0.850 |0.716 0.777 | 0.671 | 0.821 0.738 | 0.759 0.760
1.5 0.667 | 0.685 0.676 | 0.720 | 0.703 0.711 | 0.695 0.693
wT 1 0.632 | 0.612 0.622 | 0.638 | 0.658 0.648 | 0.635 0.635
0.5 0.531 |0.575 0.552 | 0.658 | 0.618 0.637 | 0.599 0.595
2 0.740 |0.843 0.788 | 0.790 | 0.667 0.723 | 0.760 0.765
KO 1.5 0.609 | 0.891 0.724 | 0.888 | 0.601 0.717 | 0.720 0.748
1 0.563 | 0.856 0.679 | 0.854 | 0.560 0.676 | 0.678 0.709
0.5 0.644 | 0.811 0.718 | 0.768 | 0.583 0.663 | 0.693 0.706

Table 1. Classification performance for WT and KO mice across segment durations. Metrics are reported
symmetrically for both behavioral classes.

reaching up to 76% for 2-second segments. As segment duration increases from 0.5 second to 2 seconds, the
classification accuracy improves, suggesting that longer segments provides more comprehensive vocalization
patterns, making behavioral distinctions clearer. Notably, the overall class average accuracy was consistently
higher in KO mice than in WT mice, particularly for shorter segment lengths. However, a closer inspection of
the confusion matrices in Fig. 6 reveals class-specific differences across genotypes and segment durations. In KO
mice, non-social behaviors are classified with higher accuracy than social behaviors, whereas in WT mice the
performance is more balanced and improves for social behaviors as segment duration increases.

Furthermore, to examine differences in USVs between KO and WT mice, we conducted additional
evaluations by switching the testing USV type (Fig. 7, right). The classifier trained on WT USVs performs well
even when tested on KO USVs (blue line). However, training on KO USVs and testing on WT USVs results in
poor accuracies akin to random guesses, losing the correlation between USV and behavior (green line). These
findings indicate an asymmetric cross-genotype generalization pattern: the classifier trained on WT USVs
generalizes to KO data, whereas the model trained on KO USVs fails to generalize to WT. This asymmetry
suggests that the spectrotemporal variability captured in WT segments encompasses patterns also present in KO
mice, while the converse does not hold.

Discussion and conclusions

Our work introduces the first deep learning approach for predicting mouse behavior based solely on their USV
communication. By leveraging a DNN classifier, we demonstrated the feasibility of inferring behavior types
(social or non-social) from USVs alone. Our findings provide a foundation for future research into the interplay
between vocal communication and behavior in mice, with potential applications extending to other animal
species.

The study was conducted by analyzing the two genotypes-wild-type (WT) and knockout (KO) mice-both
separately and in a cross-genotype setting. Two distinct classifiers were developed, one trained on WT USVs and
the other on KO USVs, and each model was subsequently evaluated on both genotypes. When applied to the
genotype on which it was trained, each classifier demonstrated a clear correlation between USVs and behavior.
Notably, the model trained on WT mice maintained meaningful predictive performance when tested on KO
mice. In contrast, the classifier trained on KO mice failed to generalize to WT data, with performance dropping
toward chance level. This asymmetric cross-genotype generalization pattern provides further insight into the
structure of the vocal representations learned by the network. The fact that WT-trained models generalize to KO
mice suggests that the spectrotemporal variability present in WT segments encompasses patterns also observed
in KO mice. Conversely, the lack of generalization in the opposite direction indicates that the representations
learned from KO data do not fully capture the broader variability exhibited by WT vocalizations. We remark
that, in the present study, USV analyses were restricted to male experimental mice, as the resident-intruder
male-female paradigm represents a well-established and extensively characterized framework for adult vocal
emission; the investigation of female-derived USVs, particularly within female—female interaction settings, will
be addressed in future studies.

Importantly, these findings stem from the global acoustic information made available to the model. Rather
than relying on predefined descriptors such as call duration, peak frequency, or modulation patterns, the
network processes full spectrogram segments and learns directly which aspects of the signal are behaviorally
informative. This approach enables the network to identify behaviorally relevant acoustic patterns directly from
raw time-frequency inputs, without relying on predefined vocal categories or manually engineered features as
in previous studies’. Accordingly, our results demonstrate that meaningful behavioral information is embedded
in the overall spectrotemporal structure of USVs and can be extracted automatically by an end-to-end model.

This study opens several avenues for future work. One promising direction involves analyzing individual
social and non-social behaviors (e.g., anogenital sniffing, nose-to-nose sniffing, physical contact, exploration)
separately. While this was not addressed in the current study to maintain analytical simplicity, a more fine-
grained behavioral approach could provide deeper insights into the relationship between specific ultrasonic
vocalizations and distinct social actions. Such an analysis would require a substantially larger dataset to ensure
statistical reliability, particularly for low-frequency behaviors. Although each mouse produces hundreds of USVs
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during a 5-minute session, a greater number of subjects would allow for more detailed and robust analyses,
enabling stronger generalization.

A further complementary direction concerns the explicit modeling of USV call types. While the present
framework focuses on behavior prediction directly from spectrogram segments, vocalization categories
themselves carry biologically meaningful information. Our group has previously addressed USV classification
using machine and deep learning techniques', demonstrating the feasibility of automated call-type
identification. Future work could integrate call-type information into behavior prediction. For example, a
dedicated segmentation and call-classification module could provide structured vocal features as input to the
behavioral model, or a unified multi-stage or multi-task architecture could jointly learn call-type and behavior-
level representations.

Ultimately, these future efforts could enhance our understanding of the interplay between vocal
communication and behavior, with potential implications for investigating communication in other animal
models.

Data availability
The dataset used in the paper, including audio and video clips along with behavioral annotations, is available at
https://osf.io/rvkb9.

Code availability
The source code as well as the trained neural network weights are available at https://github.com/JoeK6279/Mi
ceUSVBehavior.
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