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Keywords: Background: Computational approaches hold significant promise for enhancing diagnosis and
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exchanges and interpersonal dynamics conveyed through speech. Research highlights the
importance of investigating acoustic features and dyadic interactions during child development.
However, observational methods are labor-intensive, time-consuming, and suffer from limited
objectivity and quantification, hindering translation to everyday care.

Aims: We propose a novel Al-based system for fully automatic acoustic segmentation of clinical
sessions with autistic preschool children.

Methods and procedures: We focused on naturalistic and unconstrained clinical contexts, which are
characterized by background noise and data scarcity. Our approach addresses key challenges in
the field while remaining non-invasive. We carefully evaluated model performance and flexibility
in diverse, challenging conditions by means of domain alignment.

Outcomes and results: Results demonstrated promising outcomes in voice activity detection and
speaker diarization. Notably, minimal annotation efforts —just 30 seconds of target data—
significantly improved model performance across all tested conditions. Our models exhibit
satisfying predictive performance and flexibility for deployment in everyday settings.
Conclusions and implications: Automating data annotation in real-world clinical scenarios can
enable the widespread exploitation of advanced computational methods for downstream
modeling, fostering precision approaches that bridge research and clinical practice.
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1. Introduction
1.1. Al in mental health

Computational techniques such as Artificial Intelligence (AI) hold significant potential to enhance clinical procedures in mental
health. They can improve quantification and objectivity in developmental research while addressing key challenges that limit its
translational applications (Bickman, 2020; Shatte et al., 2019). Al has shown promising evidence in both diagnostics and recognition of
mental disorders (Low et al., 2020), as well as in predicting clinical outcomes (Lutz et al., 2019; Zilcha-Mano, 2018). Beyond these
areas, Al's potential also extends to clinical processes themselves. For instance, Al could automatically transcribe patient-clinician
dialogues during therapy sessions, allowing therapists to concentrate entirely on their patients. Moreover, computational analyses
of large datasets can uncover subtle markers that may be challenging for humans to detect (Miner et al., 2020). Importantly, research
suggests that clinicians may not be aware of their own behavioral and emotional responses or adaptations. In fact, at least some of these
responses appear to be unconscious and might require the acquisition of procedural skills (Zilcha-Mano, 2017; Archinard et al., 2000).
These factors underscore the relevance of Al applications also in the clinical training for mental health professionals.

1.2. Benefits to child psychotherapy

Clinical research in child mental health relies on observational methods, which are non-invasive but subjective, time-consuming,
and labor-intensive. Computational approaches could enhance diagnostic procedures and allow the systematic monitoring of thera-
peutic paths, a critical aspect in the context of Neuro-Developmental Conditions (NDCs) (Lord et al., 2022) and psychotherapy
(Lambert, 2017). For example, digital phenotyping offers scalable and ecological tools for early autism screening (Perochon et al.,
2023). Current intervention research also highlights the need for precision approaches to improve psychotherapy efficacy by
uncovering the underlying mechanisms of change (Taubner et al., 2023). Clinical practice in child development often occurs in un-
constrained settings from assessment to treatment, involving background noise and unstructured, free interactions. Further, patients
are often unable to use wearable sensors or adhere to strict protocols (Godel et al., 2023). The therapeutic process itself also unfolds
within the patientclinician dyadic interaction (Anonymous ref), which is increasingly considered as a main therapy mediator (Albaum
et al., 2022; Mossler et al., 2019; Green & Garg, 2018). Therefore, the computational analysis of interpersonal dynamics in child
psychotherapy may deepen our understanding of therapeutic mechanisms and support outcome optimization. Although psycho-
therapy is inherently language-based, few studies have explored its acoustic aspects, and most have been restricted to adults
(Flemotomos et al., 2021; Miner et al., 2020; Weiste & Perakyla, 2014).

1.3. Significance of speech in assessments

Speech is a central element of human communication, expressing thoughts, intentions, and emotions. Itsimportance for child
development and mental health is widely supported by research (Bourvis et al., 2018; Fusaroli et al., 2017). Speech is a readily
collectible signal, challenging to consciously alter, and a direct expression of emotions. However, predictive models for speech pro-
cessing still require improvement, with specificity being a major challenge (Godel et al., 2023; Pokorny et al., 2016), underscoring the
need for advanced studies in dyadic communication (Marschik et al., 2022). While child speech features were linked to symptom
severity in autism (Ahn et al., 2020), existing models generally fail in achieving good diagnostic performance based solely on acoustic
signatures (Rybner et al., 2022; Chi et al., 2022). Measuring social communication and interaction patterns, such as turn-taking,
represents a key area of focus (Gupta et al., 2016; Leclere et al., 2014; Messinger et al., 2010). These dynamics may, in fact, reflect
conditionspecific adaptations (Cho et al., 2019; Bone et al., 2014; Saint-Georges et al., 2011). Furthermore, the development of
conversational turn-taking has been associated with early language development, diagnosis, and treatment outcomes (Bourvis et al.,
2018; Romeo et al., 2021; Donnelly & Kidd, 2021).

To enable such fine-grained analyses, it is crucial to perform an accurate speech segmentation and process sufficient amounts of
data (Ouss et al., 2020). However, accumulating large high-quality datasets with rigorous setups often remains unfeasible in clinical
contexts (Pokorny et al., 2016), and challenges of naturalistic data collection impact signal quality. Another important need is the
development of scalable yet accurate models to reduce the time required for data annotation. Data annotation, even when automated,
poses several challenges. It often relies on engineering methods that do not generalize to other contexts (Eni et al., 2020; Li et al., 2019;
Cohen et al., 2013). Moreover, in therapeutic settings, child-clinician communication usually extends beyond language. Non-linguistic
vocalizations, partial linguistic verbalizations (e.g., word approximations), child-directed speech (motherese), onomatopoeic sounds,
and other communicative utterances like laughter form the foundational building blocks of the exchange. Any DL system purposed to
detect such complex interactive patterns needs to be trained on these unique and challenging types of data, addressing data scarcity as
a main condition (Li et al., 2021; Ebrahimpour et al., 2020). Current recommendations for clinical research in speech processing still
advocate for using separate microphones during data acquisition (Low et al., 2020), which is often impractical in real-world settings
outside laboratory environments. Furthermore, recent research highlighted the specificity and challenges of infant speech for auto-
mated systems, emphasizing the need for tailored solutions (Xu et al., 2023; Lahiri et al., 2023). In light of recent promising results in
the field of speech-based autism diagnosis in controlled settings (Briend et al., 2023), automating acoustic segmentation represents a
priority. Such advancements could have a direct impact on everyday clinical care and intervention in ecological settings.
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1.4. Aim

To pave the way for the broad and accurate use of computational methods to study patient-clinician acoustic interaction, we
explored the feasibility of non-invasive automated speech processing of naturalistic signals. Our study faced challenges such as data
scarcity, low-quality audio signals, and ambient noise in unconstrained clinical settings.We also evaluated the adaptability of the
proposed architecture to previously unseen conditions using domain alignment techniques (Farahani et al., 2021). Specifically, we
employed a DL model based on Siamese Neural Networks (SNNs, Shorfuzzaman and Hossain 2021) for metric learning to perform
second-by-second speech annotation of video-recorded clinical sessions. These sessions included Naturalistic Developmental Behav-
ioral Intervention (NDBI) (Vivanti & Zhong, 2020) and diagnostic assessments with preschool autistic children. Our objective was to
perform Voice Activity Detection (VAD) and Speaker Diarization (SD) to automatically segment the signal, which serves as a foun-
dation for downstream modeling. This enables the non-invasive extraction of quantitative metrics, crucial for analyzing
patient-clinician communication dynamics during psychotherapy. We evaluated model robustness and adaptability over increasingly
challenging conditions, including different dyads, environments, devices, age groups, and languages. Model adaptability was tested
using a limited resources approach. For both VAD and SD, our models were trained on about two hours of data, and adapted with only
30 seconds of target domain data.

2. Material and methods
2.1. Clinical datasets and annotation procedures

Clinical data were extracted from video-recorded sessions of NDBI and clinical evaluations of autistic preschool children conducted
at the Laboratory of Observation, Diagnosis, and Education (ODFLab) of the Department of Psychology and Cognitive Science of the
University of Trento. The language spoken by both patients and clinicians was Italian.

Manual annotation were performed categorizing data into four distinct labels:

e 0 (clinician): segments perceived as containing only the clinician’s voice

e 1 (child): segments perceived as containing only the child’s voice

e (mixed): segments containing both child’s and clinician’s voices, either overlapping or subsequent
e (noise): segments perceived as not containing any human voice

Manual annotations were conducted based on the majority of the content perceived within each 1-second segment, i.e. 16000
frames. To maximize available data, ensure feasibility of human annotation, and precisely detect overlapping segments, data were
labeled second-by-second. This approach increased the variability of vocalization types, with particular focus on non-linguistic vo-
calizations. Further, it reduced the possibility to learn content-specific features for the classification tasks. Our primary goal was to
enhance the identification of segments containing a single voice amid ambient noise. Recognizing that clinical communication dy-
namics are often actively supported by clinicians, with frequent and rapid speaker shifts, we selected the shortest time window that
met our criteria. In addition to this, autistic preschoolers often exhibit reduced communication and single-syllable vocalizations (Paul
et al., 2010). Preliminary analyses of shorter (0.5 s) and longer (2 s) segments revealed challenges: selecting shorter segments caused
model convergence issues, while longer segments increased the number of mixed-content segments, which were unsuitable for metric
learning approaches.

Manual annotations were assisted by a specialized Python script, enabling accurate, second-by-second data labeling. The script
allowed repeated playback of each segment, along with adjacent ones, to provide additional context in case of uncertainty. For
example, segments containing acoustic information only at the beginning or end posed challenge for human recognition. This method
facilitated label review in ambiguous cases. If uncertainties persisted, videos were examined to provide visual information. Segments
that could not be confidently classified were excluded to prevent bias in training data.

The Clinical dataset comprised 34 clinical sessions for 30 male autistic children (chronological age range 24-60 months; devel-
opmental age-equivalent range 14-45 months) and 8 clinicians (one male and seven females), with an average duration of 5 minutes
(sd=5) for each child, totaling 146 minutes of data, or 8770 1-second samples. Of these, 5872 contained human voice: 2689 were
clinician-only, and 3183 were child-only. Recordings were made in two rooms using identical bird’s-eye cameras and environmental
microphones. Annotations prioritized clinical evaluations where both clinician and child vocalizations were likely to occur, maxi-
mizing usable data for speaker diarization. Random moments during therapy sessions were also selected. Audio recordings exhibited
variability and imbalance at the class, session, and child levels.

The Clinical preschool test set was created by randomly sampling audio from four children in the Clinical dataset, representing 15 % of
the total number of children. This sampling strategy, detailed in the Data Analysis Plan (DAP) in 2.3, ensured robust representation at
the child level. The 15 % proportion balanced sufficient data for training with effective model testing. With 30 children, this approach
supported model convergence while testing on diverse data. Repeated cross-validation in the DAP further ensured that different
combinations of infants were assessed at each external loop, generating a distribution for model evaluation.

Two additional clinical test sets were annotated. The Clinical school-age test set included two school-age male children and two
female clinicians recorded during autism therapy in a different clinical environment. It contained 430 1-second segments. Both
children and clinicians were different from those in the training data. The Clinical adolescence test set comprised recordings of a 15-year-
old male adolescent during a clinical interview with two clinicians (1 male and 1 female), for a total of 485 1-second audio segments.
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The clinicians, clinical setting, and camera setup differed from those in the Clinical dataset, although the same microphone was used.
These additional clinical datasets strengthened model evaluation by incorporating diverse acquisition conditions and patient age
groups.

2.2. External datasets

Three distinct test sets were derived from open-source publicly available corpora. External data sources are fundamental to test the
generalization of DL models to previously unseen conditions. In fact, DL models are prone to overfitting training data, which can lead
to poorer performance in real-world application scenarios despite rigorous validation procedures. The Non-clinical school-age test set
included adult speakers from the Emotional Voices Database (EmoV-DB, Adigwe et al. 2018), which contains recordings with
emotional valence from four people (two males and two females). We focused on neutral and amused valences, which were more
consistent with our clinical scenarios. Additionally, five speeches from famous people (two females and three males) were also
included from a public speaker recognition dataset. Therefore a total of nine adults were included. Child segments were obtained from
a dataset of 11 school-aged children (six males and five females) engaged in free speech or sentence reading. This dataset is in English
and children are both native and non-native speakers (Kennedy et al., 2017).

The Infant cry test set was derived from a corpus featuring cry recordings of 786 newborns, captured in the first week of life in
hospital or home environments and recorded by smartphones (Budaghyan et al., 2023).

The Non-clinical adolescence test set consisted of speech samples from 838 adolescents aged between 13 and 17. The language was
Icelandic (Mena et al., 2021).

The Clinical preschool test set, Non-clinical school-age test set, Non-clinical infant cry test set, and Non-clinical adolescence test set were
randomly sampled from their original data source during each experiment of our DAP. Finally, two publicly available datasets con-
taining different sources of ambient noise were used as noise samples for VAD. Noise samples were included in datasets derived from
open data and in the Clinical adolescence test set, since it did not include many ambient noise examples. The Noise set includes samples
from two corpora: 546 segments recorded in an hospital environment (Ali et al., 2023) and 1917 samples of different ambient noise
sources from which categories including human vocalizations, e.g., laugh, were excluded (Bansal & Garg, 2022).

Incorporating external non-clinical datasets enhanced model evaluation, allowing us to assess classification performance across
different contexts, age groups, languages, and vocalization types. A summary of datasets included in this study is provided in Table 1.

Table 1
Dataset description.

Name Language  Speaker number Demographics ~ Samples (1-second) Data source

Clinical dataset Italian 30 children Preschool 8770 total Laboratory clinical data
Clinical preschool 8 clinicians 5872 voiced
2898 noise
2689 clinician
3183 child
794 mixed
Clinical school-age Italian 2 children School-age 430 total Clinical data from different context
2 clinicians 342 voiced
88 noise
194 clinician
104 child
44 mixed
Clinical adolescence Italian 1 adolescent 2 Adolescent 485 total Laboratory clinical data
clinicians 441 voiced
44 noise
171 clinician
225 adolescent

Non-clinical school English 11 children 9 School-age 1838 total Speeches, pronouncing sentences, Adigwe
age adults 1030 adults et al. (2018); Kennedy et al. (2017)

808 child
Infant cry 786 newborns Infant DAP: 500 randomly sampled 1-sec- First cry at birth,

ond segments from infants Budaghyan et al. (2023)

DAP: 500 randomly sampled 1-sec-

ond segments from adults in Non-

clinical school age
Non-clinical Icelandic 838 adolescents Adolescent DAP: 500 randomly sampled 1-sec- Pronouncing sentences, Mena et al. (2021)
adolescent ond segments from adolescents

DAP: 500 randomly sampled 1-sec-

ond segments from adults in Non-

clinical school age
Noise 2463 noise DAP: 500 randomly sampled noise Environmental noise, Ali et al. (2023);

segments segments Bansal and Garg (2022)
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2.3. Data analysis plan

The DAP designed to evaluate our models consisted in a nested M x N x K cross-validation procedure. In this setup, the M external
loops were replicated to split data in training and left-out test portions. Afterwards, a N x K repeated cross-validation schema was
applied to the training portion, with N replicates of a K-fold cross-validation. For each external iteration m = 1...M, we randomly
extracted four children from the Clinical dataset, i.e., 15 % of the 30 total patients, to form the Clinical preschool test set (shorthand of
Clinical preschool test set.m), and removing them from the material used for the train-validation in the N x K part of the DAP. Notably,
since the audio segments correspond to distinct children, the DAP is robust at the child-level. Consequently, the internal cross-
validation procedure was performed on the remaining 26 children.

The Clinical school-age test set and Clinical adolescence test set were entirely used for testing, while the Non-clinical school-age test set,
Non-clinical infant cry test set, and Non-clinical adolescence test set were also constructed stochastically across the M iterations to increase
variability. In details: The Non-clinical school-age test set included 500 randomly sampled segments from children and adults from the
corresponding datasets.

The Infant cry test set contained 500 randomly extracted cry samples.

The Non-clinical adolescence test set was built by sampling 500 adolescent segments.

Random sampling was performed prioritizing segments coming from different speakers. Adult segments for the Infant cry test set and
Non-clinical adolescence test set were drawn from the remaining 500 samples that were not used in the construction of the Non-clinical
school-age test set.

For the N x K internal cross-validation loop, we used K= 10 to train different models optimized for validation data, which were
evaluated across all test sets. The entire process was repeated M times, and the results were aggregated. After initial extensive
experimentation, the results reported in this study were based on a 20 x 1 x 10 DAP, yielding a distribution of 200 evaluations. We
chose to increase the number of external loops in order to maximize the variability of the resampled sets. Each random extraction was
balanced with respect to data categories. A set of seeds was defined to ensure reproducibility and to perform paired comparisons to
evaluate model adaptation. For VAD analysis, noise samples coming from the public corpora were randomly injected in the Non-clinical
school-age test set, Non-clinical infant cry test set, Non-clinical adolescence test set, and Clinical adolescence test set. In general, if the source

Data Analysis Plan (DAP): M x N x K cross-validation

r e N TEST SETS

Clinical school-age

30 children (34 sessions)

E Clinical pre-school iiéi 4 children
(15%)

N x K cross-validation

TEST

TEST

=

Non-clinical adolescence |

Clinical adolescence

26 children

Aggregated results
(M =20; N =1;K=10)

Fig. 1. Data Analysis Plan (DAP). Data Analysis Plan (DAP): M x N x K cross-validation. Pipeline for the MxNxK nested procedure for model
training and validation over the test sets. At each of the M= 20 external iterations Clinical preschool test set, Non-clinical school-age test set, Non-clinical
infant cry test set, and Non-clinical adolescence test set are constructed, then the model is trained and evaluated within a 10-fold repeated cross-
validation, with 10 % of data used for validation during training. At each internal iteration, the trained model was evaluated across all test
tests, and performance indexes were aggregated, obtaining a distribution of 200 observations for seven evaluation metrics: balanced accuracy, F1-
score, Matthews Correlation Coefficient (MCC), sensitivity, specificity, precision, and Area Under the Curve (AUC).
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audio signal was longer than one second, the portion of data to be extracted was randomly sampled at each iteration to increase
variability. Conversely, in case of signals with a duration lower than one second, the signal was center-padded. The DAP is sche-
matically represented in Fig. 1. Finally, we evaluated inter-rater reliability for the ground annotations, as well as the impact of gender-
imbalance by a post-hoc additional analysis.

2.4. Model development and adaptation

Acoustic features consisted in Mel-Frequency Cepstral Coefficients (MFCCs) extracted from audio spectrograms. The Siamese
model employed a parallel architecture with three branches and shared weights. It performed consecutive 2D dilated convolutions
with increasingly wider receptive fields to implement hierarchical metric learning. Training data consisted of randomly generated
triplets of elements (anchor-positive-negative) and the embedding space was optimized using triplet loss (Hermans et al., 2017).
Classification was performed based on similarity between embedded and test elements in the latent space using L2-distance. Fig. 2
illustrates the model architecture and pipeline.

After model evaluation on the available test sets, we performed domain alignment to assess the model’s ability to rapidly adapt to
different scenarios (Farahani et al., 2021). Taking advantage of the flexibility of Siamese architectures (Atanbori & Rose, 2022; Wang
& Zhai, 2020), we designed an adaptation procedure by modifying the process of triplet generation during training. In the same DAP
setting, the adaptation procedure was based on training with a small number of elements randomly sampled from the new target test
set, with speaker-balance. For each m-th external iteration, 30 samples were extracted and excluded from the corresponding test set.
We chose to experiment with such numerousness considering that annotating 30 seconds of data would be highly convenient in clinical
contexts. During triplet generation, a random number of these elements was included as triplet elements during each training step. To
prevent overfitting the target domain, the number of injected triplets was randomly sampled from [2, 4, 6] at each training step with
equal probabilities, and included within a batch of 20 triplets in each training step. Triplet injection was performed on training data

Naturalistic interactions in clinical settings

2D dilated conv
MFCCs +SE 128-emb
Anchor o s 0 e
=)=
ogcg ©
.. . o
Positive ‘?**-twh;l.ni‘."u;ﬁ: ﬁ@ . o Test element
o] © //; " .\\\\
%
| Teepy] |
Negative NS
e
- Embedding space

Fig. 2. Model architecture. Naturalistic interactions in clinical settings. Graphical representation of the system pipeline. The audio signal is non-
invasively acquired by environmental microphones. After pre-processing, the set of MFCC features were extracted. The SNN was trained with
randomly generated anchor-positive-negative triplets, using an architecture based on dilated convolutions incorporating a squeeze-and-excitation unit
for dynamic channel-wise feature recalibration. The latent space is optimized through triplet loss. After training, test data are projected into the
embedding space to perform L2 distance-based classification.
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only.

The adapted model was then evaluated against the baseline model on the reference test set across all seven evaluation metrics. Data
normality was assessed with the Shapiro-Wilk test. The appropriate inferential test was applied to test for improvement significance,
either a two-tailed paired t-test or Wilcoxon signed-rank test, was applied based on the normality of the performance metric distri-
bution. Bonferroni correction was applied to control for multiple comparisons (Abdi, 2007).

Detailed technical information about model deployment, model architecture, feature extraction, acquisition conditions, and
distance-based classification are provided in the Supplementary Materials. Additionally, the Supplementary Materials include a
complementary non-clinical analysis based solely on publicly available external data. This analysis ensures full reproducibility of
model training steps and can serve as a baseline to evaluate how architectures trained on non-specific data adapt to clinical scenarios.

2.5. Inter-rater reliability

The reliability of the initial manual annotations on the Clinical dataset was assessed by randomly sampling 100 1-second segments,
balanced for category (child, clinician), which were re-annotated by two independent raters. These annotations were made based
solely on the audio frames themselves, without any additional context such as previous or next seconds, or visual information, which
made the task particularly challenging. Cohen’s k between the two additional raters was 0.91, indicating a very high level of
agreement. Fliess’s k between the three sets of annotations was 0.87, which also reflects a strong agreement, even under the difficult
annotation conditions.

3. Results

Our SNN models were applied to both VAD and SD tasks. The first model was trained to detect audio segments containing human
voice versus segments containing ambient noise only. The second model was trained to recognize whether the vocalization came from
the child patient or the adult clinician.

To assess model robustness across challenging datasets, we applied domain adaptation whenever model performance fell below a
satisfactory threshold, i.e., average balanced accuracy lower than 80 %. Domain adaptation was based on only a minimal portion of
target test data, i.e., 30 seconds of target data.

Model adaptation was therefore performed for SD on the Clinical school-age test set, Non-clinical infant cry test set, Non-clinical
adolescence test set, and Clinical adolescence test set. Notably, only two alignments were necessary: one for children and one for ado-
lescents. In fact, the model was able to simultaneously adapt to multiple conditions at the same time, based on the age range. The
threshold for statistical significance was set to p = 0.025, as each adaptation metric compared the baseline model to its corresponding
adapted model across the two domain alignments.

Fig. 3 represents the distribution of the fundamental frequency (FO) of both adult and child speech across all datasets.

3.1. Aim 1: voice activity detection

The results for VAD are reported in Table 2. Metrics are aggregated over the M= 20 splits and the N = 1 and K= 10 repeated cross-
validation steps, yielding a total of 200 evaluations. Overall, the model performed consistently well, with performance ranging from
good to optimal across all conditions, effectively differentiating human speech from segments containing only ambient noise.
Furthermore, the model demonstrated strong generalization to various unseen sources of ambient noise, which were not present
during training on the Clinical dataset.

3.2. Aim 2: speaker diarization

The results of SD and model adaptation are detailed in Table 3. Classification performance on the Clinical preschool test set was
satisfactory, achieving high specificity and precision. To improve generalization, domain adaptation was

applied to the Clinical school-age test set, Non-clinical school-age test set, Infant cry test set, Non-clinical adolescence test set, and Clinical
adolescence test set. Importantly, only two age-based domain alignment steps were sufficient for performance to generalize: one for
datasets involving infants to school-age children and another for adolescents. Metrics were aggregated over the M= 20 splits, and the
N =1 and K= 10 repeated cross-validation steps, resulting in 200 evaluations.

With just 15 seconds of target data per class, adaptation to children improved balanced accuracy by an average of 23 %, F1-score by
an average of 35 %, and MCC by an average of 88 % across the test sets. Despite slightly reduced accuracy across clinical test sets, the
performance remained satisfactory.

Compared to the baseline, the adapted models demonstrated significantly better performance across all evaluation metrics while
controlling for multiple comparisons. Performance consistently ranged from good to optimal across all tested conditions in the task of
differentiating children’s and adults’ speech. Furthermore, high precision and specificity indicated the capability to reduce false
positives.

Fig. 4 provides a visual comparison of adaptation results over the two clinical test sets (Clinical school-age test set and Clinical
adolescence test set). The clinical datasets, captured in naturalistic and unconstrained clinical settings with high levels of ambient noise,
underscore the robustness of the adapted models.
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3.3. Post-hoc gender-based analysis
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Table 2

Voice activity detection.
Metric Mean (Sd)
Clinical preschool test set
Bal. Acc. 0.92 (0.04)
F1 0.95 (0.01)
MCC 0.81 (0.05)
Sensitivity 0.94 (0.02)
Specificity 0.90 (0.08)
Precision 0.97 (0.02)
AUC 0.98 (0.01)
Clinical school-age test set
Bal. Acc. 0.93 (0.01)
F1 0.97 (0.01)
MCC 0.85 (0.02)
Sensitivity 0.96 (0.02)
Specificity 0.90 (0.04)
Precision 0.97 (0.01)
AUC 0.98 (0.01)
Non-clinical school-age test set
Bal. Acc. 0.83 (0.02)
F1 0.83 (0.01)
MCC 0.66 (0.03)
Sensitivity 0.87 (0.02)
Specificity 0.78 (0.04)
Precision 0.80 (0.03)
AUC 0.90 (0.01)
Infant cry test set
Bal. Acc. 0.83 (0.02)
F1 0.84 (0.02)
MCC 0.66 (0.03)
Sensitivity 0.89 (0.03)
Specificity 0.77 (0.04)
Precision 0.80 (0.03)
AUC 0.90 (0.02)
Non-clinical adolescence test set
Bal. Acc. 0.83 (0.02)
F1 0.84 (0.01)
MCC 0.66 (0.03)
Sensitivity 0.88 (0.02)
Specificity 0.78 (0.04)
Precision 0.80 (0.03)
AUC 0.90 (0.02)
Clinical adolescence test set
Bal. Acc. 0.81 (0.02)
F1 0.80 (0.03)
MCC 0.62 (0.04)
Sensitivity 0.84 (0.05)
Specificity 0.78 (0.04)
Precision 0.75 (0.03)
AUC 0.88 (0.02)

Model performance for voice activity detection. Evalu-
ation metrics included: balanced accuracy, Fl-score,
MCC, sensitivity, specificity, precision, and AUC. Met-
rics are aggregated over the M= 20 external resamples,
representing different data splits, and the N =1 and
K= 10 cross-validation iterations (totaling 200 evalua-
tions). Adaptation involved injecting 30 1-second seg-
ments of target data during triplet generation. Mean and
standard deviation are reported for each metric.

To address potential biases due to gender imbalance in the training data, a post-hoc evaluation was conducted using the Non-clinical
school-age test set. Four subsets were created based on combinations of child-adult gender categories: male-male (mm), male-female
(mf), female-male (fm), and female-female (ff). The adapted model from our DAP was evaluated on these subsets. Results demon-
strated consistently high classification performance acrossall gender pairings Classification balanced accuracy remained consistently
high (mm=0.92, mf=0.90, fm=0.96, ff=0.95). These findings indicate that the model’s performance remains robust and unbiased with
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Table 3
Speaker diarization and model adaptation.
Baseline Adaptation (30 seconds) Test

Metric Mean (sd) Mean (sd) v p
Clinical preschool test set
Bal. Acc. 0.80 (0.04) No adaptation
F1 0.80 (0.06)
McCC 0.61 (0.07)
Sensitivity 0.76 (0.10)
Specificity 0.84 (0.08)
Precision 0.85 (0.08)
AUC 0.90 (0.04)
Clinical school-age test set
Bal. Acc. 0.76 (0.05) 0.82 (0.03) 1045.50 < 0.001
F1 0.69 (0.07) 0.76 (0.04) 1402 < 0.001
MCC 0.52 (0.09) 0.64 (0.06) 1207.5 < 0.001
Sensitivity 0.78 (0.13) 0.83 (0.09) 5602 < 0.001
Specificity 0.75 (0.14) 0.82 (0.09) 4337 < 0.001
Precision 0.65 (0.10) 0.72 (0.08) 4235 < 0.001
AUC 0.85 (0.04) 0.91 (0.02) 562 < 0.001
Non-clinical school-age test set
Bal. Acc. 0.68 (0.08) 0.89 (0.04) 1 < 0.001
F1 0.60 (0.15) 0.88 (0.04) 3.50 < 0.001
MCC 0.38 (0.16) 0.78 (0.07) 1 < 0.001
Sensitivity 0.52 (0.17) 0.85 (0.07) 44.50 < 0.001
Specificity 0.84 (0.07) 0.92 (0.05) 1018.50 < 0.001
Precision 0.76 (0.09) 0.92 (0.04) 21.50 < 0.001
AUC 0.78 (0.08) 0.96 (0.02) 0 < 0.001
Infant cry test set
Bal. Acc. 0.76 (0.09) 0.93 (0.03) 103.50 < 0.001
F1 0.73 (0.13) 0.93 (0.04) 173.50 < 0.001
McCC 0.53 (0.17) 0.86 (0.06) 99.50 < 0.001
Sensitivity 0.68 (0.19) 0.94 (0.06) 438 < 0.001
Specificity 0.84 (0.07) 0.92 (0.05) 1151 < 0.001
Precision 0.83 (0.06) 0.93 (0.03) 279.50 < 0.001
AUC 0.86 (0.07) 0.98 (0.02) 79 < 0.001
Non-clinical adolescence test set
Bal. Acc. 0.66 (0.08) 0.84 (0.04) 57 < 0.001
F1 0.58 (0.17) 0.87 (0.05) 124.50 < 0.001
MCC 0.32 (0.15) 0.68 (0.07) 0 < 0.001
Sensitivity 0.48 (0.19) 0.85 (0.09) 0 < 0.001
Specificity 0.84 (0.07) 0.83 (0.07) 9616 0.94
Precision 0.82 (0.07) 0.90 (0.03) 61 < 0.001
AUC 0.78 (0.07) 0.93 (0.03) 30.50 < 0.001
Clinical adolescence test set
Bal. Acc. 0.63 (0.06) 0.81 (0.03) 1 < 0.001
F1 0.59 (0.13) 0.84 (0.04) 0 < 0.001
McCC 0.27 (0.12) 0.63 (0.06) 1 < 0.001
Sensitivity 0.51 (0.17) 0.85 (0.08) 110 < 0.001
Specificity 0.75 (0.09) 0.78 (0.08) 7412.50 < 0.001
Precision 0.73 (0.06) 0.84 (0.04) 105 < 0.001
AUC 0.72 (0.06) 0.90 (0.03) 0 < 0.001

Model performance for speaker diarization and model adaptation. Evaluation metrics included: balanced accuracy, F1-score, MCC, sensitivity,
specificity, precision, and AUC. Metrics are aggregated over the M= 20 external resamples, representing different data splits, and the N = 1 and
K= 10 cross-validation iterations (totaling 200 evaluations). Adaptation involved injecting 30 1-second segments of target data during triplet gen-
eration. Mean and standard deviation are reported for each metric, along with the results of the Wilcoxon signed-rank test for paired comparisons.
Threshold considered for statistical significance was p = 0.025 with Bonferroni correction (Abdi, 2007), considering two adaptation steps performed.
The evaluations for model adaptation were conducted on the four test sets.

respect to gender combinations. Detailed metrics and further analysis are provided in the Supplementary Materials.
4. Discussion

This work leveraged a Siamese neural network architecture to automate speech segmentation of clinical audio data, focusing on
voice and speaker detection in sessions involving autistic preschoolers. This approach demonstrates significant potential to advance
the field of child psychotherapy and developmental assessment by providing a noninvasive, scalable method for analyzing patient-
clinician interactions in naturalistic, unconstrained clinical settings. By enabling quantitative modeling of patient-clinician interac-
tion dynamics, this method addresses a critical need in clinical research and practice. The importance of studying interaction dynamics
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Speaker Diarization: Baseline vs. Adapted model
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Fig. 4. Speaker diarization performance on clinical test sets. Speaker Diarization: Baseline vs. Adapted model. Comparison between baseline
and adapted model for SD on Clinical school-age test set and Clinical adolescence test set over the nested cross-validation procedure of our DAP.
Evaluation metrics included balanced accuracy, F1-score, MCC, and AUC. The figure illustrates the performance comparison between baseline and
adapted models across various evaluation metrics and datasets. The inclusion of 30 seconds of target data for domain alignment significantly
improved model performance across all evaluation metrics, as well as increasing model stability. Detailed information is reported in Table 3.

for diagnostic procedures and therapy responses has been emphasized in previous research, alongside the barriers to its widespread
implementation (Washington & Wall, 2023; Flemotomos et al., 2021). In the context of child development, automated approaches can
serve as foundational tools to implement quantitative, objective, and scalable methods, overcoming the limitations of observational
research. Importantly, research also highlighted the crucial importance of longitudinal monitoring in the field of autism therapy (Lord
etal., 2022), and psychotherapy (Norcross & Lambert, 2018; Lambert, 2017; Lambert et al., 2018) for precision approaches. Moreover,
recent research has underscored the challenges associated with automated segmentation of clinical data involving autistic children,
even in controlled setups with large datasets and sophisticated architectures (Lahiri et al., 2023).

The models presented in this work underwent rigorous evaluation through a nested cross-validation procedure across diverse test
conditions. Our findings highlight the potential of automated systems to analyze acoustic real-world data coming from everyday,
challenging clinical settings while remaining non-invasive.

The proposed models effectively detected voice activity across all test sets, with performance and stability confirmed by cross-
validation. High precision and specificity were maintained across external datasets, confirming the model’s ability to accurately
identify positive examples while minimizing false positives. Reducing false positives is critical in this context, as they can distort speech
analysis outcomes and lead to erroneous interpretations (Godel et al., 2023; Miner et al., 2020; Pokorny et al., 2016).

Our analysis indicates that the proposed architecture is well-suited for voice activity detection in unconstrained, ecological clinical
conditions, even in the presence of significant ambient noise and limited data availability. Further, the model demonstrated robust
generalization to previously unseen conditions, speakers, and technical setups without the need for adaptation.

With regard to speaker diarization, the model showed varying levels of performance. It achieved high performance on the test set
recorded under conditions similar to those of training data, using the same devices, and involving preschoolaged children (Clinical
preschool test set). Importantly, the model exhibited robustness at the individual child level, demonstrating its ability to generalize to
unseen children.

The model achieved moderate performance on the Non-clinical infant cry test set and the Clinical school-age test set. The former
consisted of infant cry samples, while the latter included annotations from school-age autistic children during therapy sessions. Both
datasets were acquired under diverse recording conditions and in different environments. These results suggest the model’s capacity to
generalize, to some extent, across different age groups, environments, and technical setups. However, the nested cross-validation
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procedure revealed higher variability in model stability, reflecting the increased complexity of the diarization task. Despite these
challenges, precision and specificity remained satisfactory.

The model exhibited poorer performance on other test sets, indicating difficulties in generalizing across other age groups and
languages. Specific challenges included accommodating school-aged English-speaking children, Englishspeaking adults, and adoles-
cents speaking Italian and Icelandic (Fouquet et al., 2016; Markova et al., 2016; Nicollas et al., 2008).

Domain alignment involved the balanced integration of 30 seconds of target domain audio data in triplet generation during model
training. During supervised metric learning for the Siamese neural network, a small subset of labeled examples from the new data was
introduced to progressively incorporate knowledge from the target domain in the process, employing a few-shot learning approach
(Atanbori & Rose, 2022; Wang & Zhai, 2020). Model adaptation significantly enhanced performance across all target datasets.
Notably, only two adaptations based on target age were required to achieve very good performance. Precision and specificity generally
remained high, except for the most challenging dataset of school-age autistic children, where performance, though slightly reduced,
remained satisfactory. Model adaptation not only significantly improved all evaluation metrics but also reduced performance variance.
The architecture demonstrated robust domain adaptation capability, achieving consistent good-to-optimal performance across diverse
conditions. Remarkably, the training process, even with adaptation, required only a few epochs for convergence, completing in about
five minutes. This efficiency enabled the architecture to generalize effectively to more challenging conditions with minimal data usage,
covering scenarios ranging from newborns’ crying to adolescent interactions. Research showed that infants’ and children’s voices
exhibit distinct acoustic features due to immaturity of their vocal tracts, with these differences diminishing by adolescence. Never-
theless, when fine-tuned the successfully detected fine-grained features for adolescent-adult speaker diarization, even though it was
primarily trained on children’s voices (Fouquet et al., 2016; Markova et al., 2016; Nicollas et al., 2008). The model was also capable of
detecting differences in spectrogram features between male children and female therapists, despite their potentially overlapping voice
frequency ranges (Kent et al., 2021; Banik et al., 2015). In addition to this, clinicians often modulate their prosody during therapy with
young children, employing child-directed speech to capture attention and engage them in the exchange (Saint-Georges et al., 2013;
Mahdhaoui et al., 2009). Such modulation may further reduce the distinctions between adult and child voices at the spectrogram level,
as suggested by previous research (Shute & Wheldall, 1999; Fernald & Kuhl, 1987; Warren-Leubecker & Bohannon, 1984).

A notable aspect of our work is the utilization of a small training dataset, comprising less than two hours of data for both tasks,
which iseasilycollectible inmost clinicalscenarios. Domainadaptationrequired onlythirtysecondsofannotated target data, making the
process efficient and straightforward. These factors suggest that our approach is well-suited for real-world clinical applications.
Importantly, despite being trained on a limited preschool population under challenging conditions, the model demonstrated adapt-
ability to newborns, school-aged children, and adolescents. Furthermore, our approach is agnostic to the linguistic content of audio
segments. For instance, in autism intervention, language presence is often an outcome rather than a precondition. A key component of
intervention is to assign communicative meaning to social partners’ vocalizations (Camaioni, 2017) and establish reciprocal, circular
communicative routines to support language development (Vivanti & Bottema-Beutel, & Turner-Brown, 2020). Notably, our system
could also be applied to other relevant scenarios like infant-caregiver interaction in naturalistic settings.

Regarding the complementary reproducibility analysis conducted on publicly available non-clinical data, results supported the
ability of the proposed architecture to learn suitable representations for detecting human speech and distinguishing between child and
adult vocalizations. However, the models exhibited limitations in generalizing to realworld clinical scenarios characterized by high
background noise, particularly in speaker diarization. This emphasizes the specificity of clinical data and emphasizes the need for
collecting naturalistic samples to develop tailored solutions. In summary, our models may provide a robust and flexible foundation for
the application of advanced computational techniques for downstream modeling to explore the dynamics of patient-clinician acoustic
interactions, speech features, turn-taking patterns and affective content in child and adolescent clinical psychology. Advanced
interaction metrics, such as interpersonal synchrony, could be easily and automatically extracted from large clinical samples (Ouss
etal., 2020; Eyben et al., 2013; Lahiri et al., 2022; Li et al., 2022, 2021; Ochi et al., 2019). With minimal efforts, the model could also be
quickly adapted to various conditions. Ultimately, these features may be exploited in predictive models of therapy response, to
longitudinally monitor therapeutic paths, or applied in diagnostic procedures and therapeutic feedback.

Notably, our system exhibited high performance when compared to state-of-the-art solutions, despite being trained under chal-
lenging conditions, with significantly less data, and without relying on pre-trained models or multi-modal inputs (Xu et al., 2023;
Lahiri et al., 2023).

The architecture addresses several challenges of automated approaches, including reducing false positives, distinguishing between
adolescent and adult speech, recognizing child-directed speech, and identifying non-linguistic vocalizations. Its flexibility enables
adaptation to diverse and challenging conditions using only a single environmental microphone, thus making it completely non-
invasive (Godel et al., 2023; Lehet et al., 2021; Jones et al., 2019; Moffitt et al., 2022).

The current study is not without limitations. Foremost among these is the limited diversity and sample size for training, validation,
and testing. All children in the analysis were males, reflecting the gender unbalance in autism research, particularly among pre-
schoolers. This imbalance likely reduced generalization to female children and posed challenges to analysis. Male children typically
exhibit lower fundamental frequencies in their speech compared to female children, resembling those of adults more closely. The
complementary limitation holds for therapists. Considering the predominance of female psychologists, who typically have higher
fundamental frequencies compared to males, their vocal signals would likely have been more similar to those of children. Conse-
quently, while limiting generalization, the scenario of having predominantly male children and female adults likely created significant
challenges for the diarization task (Fouquet et al., 2016; Markova et al., 2016; Nicollas et al., 2008). Our post-hoc analysis seems to
support this hypothesis, identifying the male child-female adult condition as the most challenging. Conversely, the female child-male
adult condition achieved the best performance despite, despite opposite gender-imbalance in training data. Additionally, variability in
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evaluation procedures suggests potential underlying factors influencing embedding space construction that warrant further explo-
ration. For instance, research showed that non-linguistic vocalizations may pose greater challenges compared to linguistic ones (Xu
etal., 2023). Balancing these two classes during model training may be crucial, especially considering the high individual variability in
the acoustic production of autistic children (Lahiri et al., 2023).

From a clinical perspective, while the architecture holds significant promise, its application is limited to contexts where vocal
interaction, even if minimal, is present. This requirement may not always be met in neuro-developmental conditions.

Another limitation lies in the classification pipeline, that requires a two-step process: first identifying voiced segments and then
performing speaker recognition. Further, in real-world applications some segments inevitably contain overlapping voices or mixed
information, posing challenges to our second-level classification. Addressing this issue is a key area for future work. Potential solutions
include implementing overlapping sliding window with majority-based classification, or devising a method to assess prediction
confidence based on thresholding and data distribution in the embedding space. Clustering could be performed over the embedded
data to both evaluate data training quality and identify challenging vocalizations. Afterwards, new data could be scored in terms of
prediction confidence by evaluating their distance from the corresponding cluster centroids beyond their simple classification. Sliding
windows could help in evaluating prediction stability over the same second, potentially helping in identifying segments containing
mixed acoustic information. Alternatively, transformer architectures could also be employed to further incorporate temporal infor-
mation, but requiring higher computational costs.

Future work may also consider expanding training data by incorporating additional sources and augmenting datasets to scale the
existing data. Self-training approaches could also automatically increase available data. In our initial experiments, we applied various
augmentation techniques to improve robustness, including signal filtering (noise reduction/injection), manipulation (time-pitch
shifting), as well as techniques to augment the MFCC spectrogram (time-frequency masking). However, we did not observe significant
improvements in model performance. We hypothesize that training data are already challenging in terms of ambient noise, reduced
quantity, high variability in vocalization types, and temporal resolution.

5. Conclusions

This work represents an important step toward implementing adaptable, precise automated systems that significantly reduce
human intervention in tasks like data labeling, annotation, and pre-processing in clinical research. Such advancements enable the
application of computational techniques to extract quantitative features relevant to child and adolescent psychotherapy and clinical
care, facilitating large-scale analyses and longitudinal monitoring. This addresses critical needs in clinical research, improving both the
efficiency and impact of interventions (Lord et al., 2022; Lambert, 2017).
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