Interspeech 2025
17-21 August 2025, Rotterdam, The Netherlands

MADUYV: The 1st INTERSPEECH Mice Autism Detection via Ultrasound
Vocalization Challenge

Zijiang Yang"™?, Meishu Song*, Xin Jing®, Haojie Zhang*, Kun Qian*, Bin Hu*, Kota Tamada®,
Toru Takumi®, Bjérn W. Schuller®®, Yoshiharu Yamamoto*

'The University of Tokyo, Japan; >University of Augsburg, Germany; *CHI, TUM, Germany;
4Beijing Institute of Technology, China; °Kobe University, Japan; ‘GLAM, ICL, UK

zijiang.yang@ieee.org

Abstract

The Mice Autism Detection via Ultrasound Vocalization
(MADUYV) Challenge introduces the first INTERSPEECH chal-
lenge focused on detecting Autism Spectrum Disorder (ASD)
in mice through their vocalizations. Participants are tasked
with developing models to automatically classify mice as ei-
ther wild-type or ASD models based on recordings with a high
sampling rate. Our baseline system employs a simple CNN-
based model using three different features. Results demonstrate
the feasibility of automated ASD detection, with the considered
audible-range features achieving the best performance (UAR of
0.600 for segment-level and 0.625 for subject-level classifica-
tion). This challenge bridges speech technology and biomedical
research, offering opportunities to advance our understanding of
ASD models through machine learning approaches. The find-
ings suggest promising directions for vocalization analysis and
highlight the potential value of audible and ultrasound vocaliza-
tions in ASD detection.

Index Terms: autism spectrum disorder, ultrasound vocaliza-
tions, mice models, bioacoustics, machine learning

1. Introduction

Autism Spectrum Disorder (ASD) is a complex neurodevel-
opmental condition that affects social interaction, communica-
tion, and behavior [1]. While human studies provide critical
insights, animal models, particularly mice, are essential for fur-
ther understanding the genetic and neurological underpinnings
of ASD [2, 3, 4]. According to [5], 10-20 % of autism cases are
caused by abnormal chromosomes. Several studies have sought
to identify the genetic mechanisms behind at least some cases of
autism [6, 7]. As mice and humans share the affected genome
regions, chromosomal engineering [8] can be utilized to design
mice with the same genetic defects that are proven to account
for many cases of autism in humans. When undergoing behav-
ioral tests, such mice have been shown to exhibit behavioral and
affective patterns that are comparable to those seen in humans
diagnosed with ASD [4], making them a potential model of
human ASD.

One area that has garnered interest in this context is the anal-
ysis of Ultrasound Vocalizations (USVs) produced by mice [9].
These vocalizations, inaudible to humans, have been shown to
vary significantly between wild-type (healthy) mice and those
genetically engineered to model ASD [4]. In this work, we
introduce the Mice Autism Detection via Ultrasound Vocaliza-
tion Challenge (MADUYV), in which participants are tasked with
building models to automatically classify mice as either ASD or
wild-type based on their USVs. The challenge makes use of data
collected in the study [4], comprising around 7 hours of USVs
by 84 different subjects. While numerous previous studies have

analyzed human vocalizations for ASD detection [10, 11, 12],
MADUYV extends the scope to non-human subjects, making it a
unique problem for computational models to solve. Given the
plethora of works addressing different aspects of human speech,
participants are particularly encouraged to explore the potential
of transferring models and techniques on human data to ultra-
sonic vocalizations from mice. The baseline experiments for
MADUY as presented in this paper demonstrate the feasibility
of the general approaches. The potential of leveraging meth-
ods that were proven in human speech for detecting autism in
mice is indicated by the baseline results presented in this paper,
highlighting the versatility of machine learning and its ability
to bridge gaps between species in behavioral and neurological
research. Thus, as the first animal health challenge in INTER-
SPEECH, MADUYV provides an opportunity to contribute to
both speech technology and biomedical research by advancing
our understanding of ASD in different species through machine
learning for speech data.

This challenge leverages mice models, widely used in neu-
roscience, to study fundamental biological mechanisms of neu-
ral development and communication in a controlled, ethically
guided framework. While findings enhance our understanding
of basic neural processes, they cannot be directly translated to
humans. Importantly, this research focuses solely on mice vo-
calisations and is not intended for human screening, diagnosis,
or intervention. The challenge aims to contribute to broader
scientific knowledge, acknowledging the complexity of autism
in humans, which cannot be fully captured by animal models.

The remainder of this paper is organized as follows: Sec-
tion 2 reviews previous work on ASD detection in mice. In Sec-
tion 3, the challenge’s dataset is introduced. Our baseline exper-
iments are outlined in Section 4, and their results are presented
in Section 5. Section 6 provides more details on the challenge
organization, before Section 7 concludes the paper.

2. Related Work

As for humans, there is a plethora of evidence for prosodic differ-
ences between individuals with and without ASD. For example,
individuals with ASD have been found to exhibit a comparably
slow speech rate [13] and unusually melodic intonation [14].
See [15] for a recent survey on prosodic peculiarities observed
in humans with ASD.

The existence of systematic patterns in ASD patients’ speech
motivates the application of machine learning to effectively de-
tect ASD from human speech. Automatic autism detection from
(children) speech was posed as an INTERSPEECH challenge
as early as 2013 [16]. Marchi et al. [17] utilize handcrafted
features such as eGeMAPS [18] in combination with Support
Vector Machines (SVMs) to distinguish ASD-affected individu-
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als’ speech from speech of individuals with typical development,
achieving more than 75 % Unweighted Average Recall (UAR)
on this binary classification problem. In [19], both acoustic and
textual features are leveraged, leading to an AUC value of around
0.75, which, however, falls short of human performance. Inves-
tigating both English and Cantonese speakers, Lau er al. [20]
study cross-linguistic patterns in the speech of ASD-affected
individuals using SVMs. Their findings suggest that, in con-
trast to intonation-related features, rhythm-related features may
be robust markers of ASD across the two different languages.
Recently, Chi et al. [21] employed random forest, Convolutional
Neural Networks (CNNs), and a fine-tuned Wav2Vec 2.0 model
to identify autism from self-recorded speech samples, observing
that the deep learning-based methods substantially outperform
the traditional random forest approach.

Though mice also produce sounds in a range audible to hu-
mans, their ultrasound vocalizations are more frequent and have
been proven informative with regard to a range of characteris-
tics, including sex, age, and health conditions [22]. Ivanenko et
al. [23] successfully utilized deep neural networks to determine
the sex of mice based on USVs. Vogelet al. [24] used super-
vised learning with random forests to predict 9 expert-defined
mice vocalization types, achieving 85 % classification accuracy.
An alternative to expert-defined categories, Wanget al. [25]
propose an unsupervised spectral clustering approach to iden-
tify mice USV types. In the most similar work to MADUYV,
Qian et al. [26] conducted a pilot study using a large-scale pre-
trained audio neural network to extract high-level features from
mice USVs for identifying ASD model mice. Their approach
achieved a UAR of 66.6 % in this binary classification task,
marking the first use of inaudible USVs for detecting ASD type
in mice.

3. Data

The dataset contains recordings of 84 subjects, of which 44 (30
male, 14 female) belong to the wild-type and 40 (27 male, 13
female) are ASD model types. For all subjects, we collect one
recording at an early development stage, more specifically 8 days
after their birth, i.e., Postnatal Day 8 (PO8). During this early de-
velopmental stage, mice emit an increased amount of USVs due
to anxiety-like behavior induced by separating them from their
mothers [4]. Each recording is around 5 minutes long, resulting
in about 7 hours of audio in total. All recordings are obtained
via high-precision microphones (Avisoft UltraSoundGate 416H)
with a sample rate of 300 kHz.

The dataset underwent stratified partitioning to ensure sub-
ject independence while maintaining balanced distributions of
sex and ASD model type. For evaluation purposes, approx-
imately 20 % of subjects were allocated to the test set first,
consisting of 12 male and 4 female subjects. To enhance the
statistical robustness of the evaluation, each test sample was
segmented into non-overlapping 30-second clips, yielding 160
audio samples. In accordance with the challenge setup, subject
IDs and their corresponding labels were withheld from the test
set.

Subsequently, for the baseline system implementation, the
remaining subjects were partitioned into training and valida-
tion sets, with 51 subjects (approximately 60 %) allocated to
the training set and 17 subjects (approximately 20 %) assigned
to the validation set. The distribution of the ASD model type
maintained consistency across partitions, comprising 47.06 %
(24/51) of training subjects, 47.06 % (8/17) of validation
subjects, and 50 % (8/16) of test subjects. Gender distribu-
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train valid test total
# subjects 51 17 16 84
of which ASD 24 8 8 40
male / female 33/18 12/5 12/4 57127
of which ASD 15/9 6/2 6/2 27/13
duration 4:15:10  1:25:04  1:19:59  7:00:14

Table 1: Dataset statistics for the entire dataset (total) and the
training (train), validation (valid), and test partitions. Dura-
tions are given as hours : minutes : seconds.

tion exhibited a male predominance across all partitions, with
males constituting 64.71 % (33/51) of the training set, 70.59 %
(12/17) of the validation set, and 75 % (12/16) of the test set.

For the training and validation sets, participants will have
access to the complete 5-minute audio recordings, allowing them
free implementation of customized segmentation approaches
and training-validation partition strategies. As mentioned above,
the test set recordings underwent systematic segmentation into
160 30-second clips. To maintain assessment integrity, all labels
of the test set were removed, and the clips were systematically
shuffled according to a randomly generated rule that will be used
in the evaluation. The partition statistics are detailed in Table 1.

It should be clarified that this challenge uses mice models to
study basic neural development mechanisms, adhering to ethical
standards for animal research. The research focuses solely on
analysing mice vocalisations and does not aim for human diag-
nosis or intervention. The challenge contributes to neuroscience
by advancing understanding of neural development, while recog-
nising the limitations of animal models in representing human
conditions like autism.

4. Baseline Experiments

To address the constraints of limited training and validation
data, the 5-minute recordings in both subsets were systematically
segmented into 30-second clips with 15-second overlap. Clips
of insufficient duration were excluded from the dataset due to
their limited information. This segmentation approach yielded
19 clips per original sample, resulting in a total of 969 training
samples and 323 validation samples.

In order to establish a simple, yet robust benchmark, we train
a CNN-based model employing different feature sets. We select
three different spectrogram-based feature sets widely applied for
human speech research, namely full, ultra, and audi as will be
detailed.

Spectrograms and their variant Mel-spectrograms represent
a well-established and conventional approach to feature ex-
traction in audio-based machine learning applications. These
time-frequency/quefrency representations have demonstrated
robust performance across diverse domains, including acous-
tic scene classification [27, 28], animal vocalization classi-
fication [29, 30], and speech emotion recognition [31, 32].
Consequently, spectrogram-based feature extraction presents a
methodologically sound basis for the baseline system implemen-
tation.

The feature extraction methods began with a unified pre-
processing approach for all three feature types, beginning with
spectrogram generation at a sampling rate of 300 kHz by us-
ing Scipy'. Tooptimize frequency resolution, both the window
size and the number for the Fast Fourier Transform (FFT) were
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configured at 300, 000. The hop length was set to 150, 000,
resulting in a temporal dimension of 59 frames.

Subsequently, the spectrogram was partitioned into distinct
frequency ranges. The ultrasonic component, encompassing
frequencies between 20 kHz and 150 kHz, was extracted to con-
stitute the ultra feature set. Correspondingly, the audible spec-
trum below 20 kHz was separated to form the audi feature set.
The full feature set, as its name suggests, retained the complete
spectral information across all frequency ranges.

To mitigate the computational expense and optimize pro-
cessing efficiency, dimensionality reduction was implemented
by applying average bins. Specifically, the frequency dimen-
sion was standardized to 500 bins across all feature sets through
the application of different sizes of average bins. The feature
sets maintained uniform dimensions of [59,500]. This fea-
ture extraction methodology provides a robust framework for
the baseline experiments while facilitating the investigation of
frequency-band-specific information.

As a simple, yet robust benchmark system, we employ
a CNN model for our baseline experiments. The architecture
begins with two stacked convolutional layers, followed by two
fully connected layers. Figure 1 shows an overview of the entire
approach. The model is trained using the Adam optimizer and
the binary cross-entropy loss function. The output logits un-
dergo sigmoid activation to generate probabilistic predictions,
with the decision threshold for binary classification treated as
a hyperparameter. The optimal threshold value is determined
through a grid search, from 0.10 to 0.90 with an interval of
0.05, during the training phase. After the model achieved the
best performance on the validation set, it was utilized subse-
quent predictions on the test set. All baseline experiments were
conducted using PyTorch?.,

MADUY introduces two evaluation criteria: segment-level
and subject-level classification. During both the training and
testing phases, the trained model predicts the class of all seg-
ments in the validation and test sets, respectively. To determine
the subject-level classification, majority voting is applied to the
segment predictions belonging to the same subject. For instance,
if a greater number of segments for a subject are classified as
wild-type rather than ASD, the subject is categorized as wild-
type.

The baseline experiments are designed to mimic the chal-
lenge setup where participants can submit up to 5 predictions
(cf. Section 6). Therefore, for each feature set, we train the
model 5 times using 5 different random seeds.

5. Results

Given the significance of both ASD and wild-type classes, the
UAR-accounting for both classes in the dataset—is selected as
the evaluation criterion for the challenge. As mentioned above,
we compute UAR for both predictions in segment-level and
subject-level evaluation.

Table 2 presents the results. Consistent with the challenge
setup, we not only just report means and standard deviations
across the 5 seeds, but also the best result in terms of perfor-
mance on the validation set and the corresponding model’s result
on the test set.

The results demonstrate the effectiveness of different fea-
ture extraction methods in addressing both segment-level and
subject-level classification tasks, highlighting promising direc-
tions for further exploration. Analyses reveal comparable per-
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Figure 1: End-to-end overview of the baseline approach for one
subject. More specifically, the figure shows the prediction of the
last of the subject’s segments, followed by the majority voting to
predict ASD for the subject.

formance metrics across all three feature sets on the validation
set, suggesting effective feature learning capabilities of the CNN
architectures during the training phase. Due to the implementa-
tion of majority voting, a direct proportional correlation between
subject-level and segment-level UAR is not observed. Further-
more, subject-level evaluation metrics are derived from optimal
segment-level performance. When considering segment-level
metrics exclusively, the audi feature set demonstrates superior
performance on the validation set, achieving maximum and
mean UAR values of 0.682 and 0.674, respectively.

The audi feature set demonstrates robust predictive perfor-
mance on the test set. Across five random seeds, it achieves
superior segment-level performance with a maximum UAR of
0.600 and mean UAR of 0.588, surpassing the other feature
sets. While all three feature sets achieve equivalent maximum
subject-level UAR values of 0.625, the audi feature set main-
tains superiority in mean performance metrics. Consequently,
the segment-level UAR of 0.600 and subject-level UAR of 0.625
are established as the benchmark for the challenge.

Besides, statistical significance analysis was conducted on
the baseline results utilizing a one-tailed one-sample t-tests
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Validation Set Test Set
Feature Segment Subject Segment Subject
Sull 675 (.666£.007) 813 (.7774.033) 581 (.556+.029) .625 (.575+.028)
ultra 664 (.649+.017) .819 (760 +.040) .569 (.5304+.027) .625(.562 +.063)
audi .682 (.674+£.009) .813(.763+.052) .600 (.588+.016) .625(.588 +.034)

Table 2: UAR of baseline experiments’ results. For each feature, we report results at the segment-level and subject-level for both
validation and test set. The first value in the Validation Set columns is the best UAR obtained on the validation set across 5 fixed seeds.
The first value in the Test Set columns gives the result on the test set from the run that led to the best validation performance. The values
in brackets provide mean and standard deviations across the 5 seeds for both the validation and test data.

across five random seeds. Given the binary classification task,
the theoretical chance-level UAR is 0.500 for both segment and
subject-level analyses. The results demonstrate that even the
least performant feature set (ultra) achieved statistically signif-
icant improvement over the chance level at p < 0.05. The su-
perior audi feature set exhibited highly significant performance
gains relative to chance level, with p < 0.0005 and p < 0.005
for segment-level and subject-level analyses, respectively. Fur-
thermore, comparative analysis between feature sets revealed
the audi feature’s significant superiority over the ultra feature
set (p < 0.001).

While Nakatani et al. [4] demonstrated differential USVs
frequencies between wild-type and ASD model mice over 5-
minute recordings, our baseline findings indicate superior util-
ity of audible-range vocalizations compared to USVs. This
apparent discrepancy can be reconciled by considering distinct
underlying mechanisms: while separation anxiety causes in-
creased ultrasonic calling behavior, the spectral characteristics
of audible vocalizations appear to contain more discriminative
features of ASD type that are beneficial to neural network-based
classification. This novel finding contributes meaningfully to
our understanding of vocalizations in ASD research.

To summarise, the findings demonstrate the efficacy
of spectrogram-based feature extraction methodologies, with
audible-range spectrograms exhibiting superior capacity for
ASD classification at both segment and subject levels. This
baseline implementation establishes a foundation for future
methodological innovations, including alternative data parti-
tioning strategies, preprocessing schemes, feature engineering
approaches, and neural network architectures. Moreover, the
robust performance of audible-range vocalizations suggests a
potential similarity between mice and human vocalizations of
the ASD model, and it is worth further investigation of cross-
species behavioral models.

6. Challenge Organization

In order to participate in MADUYV, teams must register under
the lead of a professor in academia, or a research team leader
in industry. Upon signing the EULA, they obtain access to
the dataset, the baseline code as well as the evaluation system.
Teams are allowed to comprise at most 5 members excluding the
PI. Moreover, we do not allow one and the same person to be
part of several teams. None of the organizers will be members
of any participating team.

The evaluation system will be hosted on EvalAI’, an es-
tablished platform for shared task evaluation. This way, there
will be a transparent leaderboard and automatic enforcement

3https://eval.ai/web/challenges/challenge-page/2428/
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of the constraints on the number of submissions. Participants
submit their segment-level predictions for the test set and im-
mediately receive their results. Note that the test subject IDs are
not disclosed to the participants. The subject-level results are
calculated using the same majority voting approach above.
Analogously to the baseline evaluation (cf. Table 2), we
evaluate participants’ submissions on both the segment and the
subject level via the respective UARs. This leads to two rank-
ings, which are averaged to obtain an overall rank. In case
the two teams’ average ranks are equal, priority is given to the
team with a lower rank on the segment level. Officially winning
MADUY requires to submit a system paper describing the tech-
nical approach, which must also be accepted into the conference.
In order to facilitate the reproducibility of the results re-
ported above and enable participants to rapidly get started with
developing their approaches, we make the code for our base-
line systems publicly available*. Furthermore, participants can
download all 5 pre-extracted feature sets and the relevant check-
points of our baseline models. All up-to-date information on the
challenge logistics can be found at the MADUV website’.

7. Conclusion

In this baseline paper, we introduced MADUYV, the 1st INTER-
SPEECH Mice Autism Detection via Ultrasound Vocalization
Challenge. We described the extensive challenge dataset and
reported a set of competitive baseline results that serve as bench-
marks for participants’ approaches. While all feature sets con-
sidered lead to above-chance performance, the results obtained
with the audible spectrogram prove to be particularly encour-
aging. These insights not only enhance our understanding of
mice vocalizations but also pave the way for leveraging human
speech technologies to better analyze animal communication
and behaviors. Besides those aiming at the merely quantitative
task of outperforming the baselines, we also look forward to
contributions that deal with the dataset in a more qualitative
manner and thus increase our understanding of the data.
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