Supplementary Material


Behavioral Measures

The Autism Diagnostic Observation Schedule is a standardized semi-structured evaluation that allows a quantification of ASD symptoms1,2. The ADOS usually takes between 30 and 60 minutes to be administered. Five modules can be administered depending on the participant’s age and level of language. The total severity score, as well as the social affect (SA) and the restricted and repetitive behavior (RRB) symptoms severity scores can be compared across modules using the calibrated severity score (CSS)3,4. In our participants, either ADOS G5 or ADOS-21 were administered. 

The Mullen Scales of Early Learning (MSEL) is designed for children aged from birth to 68 months6. The MSEL is a standardized assessment that measures the participant’s development in five distinct domains of development. The evaluated domains consist in receptive language (RL), expressive language (EL), fine motor (FM), and visual reception (VR). Gross motor (GM) is also evaluated but is not considered in the computation of the composite score that reflects the overall child’s level of development.

The Psychoeducational Profile – third edition (PEP-3) is another standardized developmental evaluation designed for children aged from 2 to 7 years7. Evaluated domains include EL, RL, FM, GM, visuo-motor imitation, and cognitive verbal and preverbal (CVP). 

We computed the Developmental quotient scores (DQ) for each domain of the MSEL by dividing individual developmental age by chronological age multiplied by 1008. The composite DQ was computed by averaging FM, VR, RL and EL DQs. MSEL was not collected for 6 participants (4 PreSp and 2 Sp). To increase sample size, we included these participants by using their DQ derived from the PEP-3. For the PEP-3, VR was replaced by CVP which is the domain showing the most overlap in tested items9. 

Audio Preprocessing Pipeline

[bookmark: _GoBack]Filtering and automatic voice detection

Audio tracks from ADOS recordings were extracted with 16-bit and a sampling rate of 48000 Hz. We applied a pre-emphasis filter10 with following parameters:

 (1)

Then, we applied a spectral subtraction algorithm for speech enhancement as implemented in the VOICEBOX Toolbox11–13. Ultimately, we applied the speech detector algorithm described in Giannakopoulos (2009)14. We removed all the segments that were not labeled as being speech and concatenated all the remaining parts into one audio file for each participant. 

Speaker diarization algorithm

We selected the following features as being the a priori most discriminant between adult and child voice: fundamental frequency (F0)15, first formant (F1) and second formant (F2)16. The audio input file was segmented into chunks of 250 ms of length each. For every chunk, the F0 was extracted using the in-built Matlab® F0 function. Besides, F1 and F2 were computed for each segment of 5 ms using a linear predictive coding (LPC) approach17. When LPC failed to compute any formant (e.g. in unvoiced chunks), values from the previous chunk were used. Chunks with F1 value superior to 1500 Hz and/or F2 value superior to 6000 Hz were considered as highly improbable18 and replaced by the F1 and F2 values of the previous chunk . Ultimately, F1 and F2 values were averaged over chunks of 250 ms to get one F1 and one F2 value for each chunk. Values of F0, F1 and F2 of each 250 ms chunk were converted into mel frequencies using the VOICEBOX Toolbox19. 

To build the diarization algorithm, we first built a training sample. We randomly selected 3 ADOS recordings of typically developing (TD) children (1 male aged 2.5 y.o. and 2 females aged 3.1 and 3.0) in the database of the Geneva Autism Cohort study. We applied voice enhancement and automatic voice detection. Then MG manually extracted 3 minutes of each child’s voice using Audacity® 2.4.2 (9 minutes in total). In parallel, we randomly selected three other ADOS recordings performed by three different male examiners in which MG manually extracted 3 minutes of each examiners’ voice (9 minutes in total). We applied a Quadratic Fisher Discriminant (QFD) analysis to classify each 250 ms chunk of these manually extracted voices as coming from an adult or a child. Mel frequencies of F0, F1 and F2 were used. QFD initially yielded 66.0 % children chunks classified correctly and 89.7% of adult chunks. Overall, 79.7% of chunks classified as child were correct. We enhanced the performance of the model by applying the following adjustment. We considered all sequences classified as one condition (child or adult) shorter than 500 ms as misclassified. The 500 ms threshold is close to the 600 ms one used by Oller et al. (2010)20 to define the minimal duration of a human vocalization – this value roughly corresponds to the duration of either two syllables or one long syllable. Thus, the algorithm considered all sequences less than 500 ms initially classified as child to belong to adult, and vice versa. Applying this adjustment, the model classified 70.9% of child vocalizations and 98.3% of adult vocalizations correctly. Overall, 96.1% of the chunks classified as child were correct.

We ultimately built a validation dataset. As for the training dataset, we randomly selected three ADOS recordings performed by three different male examiners (same three examiners as in the training sample but in other ADOS recordings) and 3 ADOS of three different TD children that were not the same as the children of the training sample (one male aged 3.8y and two females aged 2.5y and 2.6y). After application of voice enhancement and voice detection, MG manually extracted the three adult male examiners and three TD children voices (two minutes of voices for each ADOS resulting in 6 minutes of child voice and 6 minutes of adult voice).,). Validation sample was segmented into 250 ms chunks on which we applied the classifier obtained on the training sample as well as the adjustment described above. The classifier achieved the following performance: 81.0% of child chunks were correctly classified and 88.5% of the adult ones. The chunks classified as child were correct 87.5% of the time. 
 
Prosodic Parameters

From the Geneva Minimalistic Acoustic Parameter Set21 we used the following parameters related to intonation:

· Pitch (semi-tone scale starting at 27.5 Hz)
· Pitch variability
· Rising Pitch (Mean of the slope of the rising pitch segments)
· Rising Pitch Variability
· Falling Pitch
· Falling Pitch Variability

To this GeMAPS set of intonation-related parameters we added the pitch excursion. We used the formula introduced by De Pijper (1983)22. Briefly, within each chunk (1 second duration) we computed the logarithm of the maximal F0 divided by the minimal F0, multiplied by 39.863 and divided by the chunk duration. This gives a value in semitone/second that captures the magnitude of local intonation changes. 

We computed the following parameters related to loudness: 

· Rising Loudness (Mean of the slope of loudness of the segments with rising loudness)
· Rising Loudness Variability
· Falling Loudness
· Falling Loudness Variability

As the distance between the child and the microphone was not kept constant (stationary microphone and child freely moving in the room), we did not use the mean loudness parameter as it is not standardized between children. In contrast, rising and falling loudness parameters are based on the loudness slope within very short time chunks. We can approximate that the child is static within one chunk so that the distance between the child and the microphone is less affecting these parameters.

We used the following parameters related to voice quality:

· Jitter (variability in the length of the consecutive F0 period lengths)
· Jitter variability
· Shimmer (variability in the amplitude of consecutive F0 periods)
· Shimmer variability
· Harmonic to Noise Ratio (HNR) (Energy of harmonic components divided by noise-like ones)
· H1-H2 (Energy of the first F0 harmonic divided by the second one)
· H1-H2 variability
· H1-A3 (Energy of the first F0 harmonic divided by the energy of the highest harmonic found in the range of F3)
· H1-A3 variability
· F1, F2 and F3 (Three first formants)
· F1, F2 and F3 variability

We used the following parameters associated to rhythm:

· Pseudo Syllable Rate (number of voiced segments per second)
· Vowel length
· Vowel length variability
· Loudness peaks / second


Partial Least Square Correlations

We applied Partial Least Square Correlation (PLSC)23,24. Briefly, a correlation matrix is computed between prosodic features and behavior measures. Several correlation components were derived from the singular value decomposition of this matrix. Each of these correlation components results from the combination of behavior and prosodic saliences that reflect how much each variable contributes to the multivariate behavior-prosody correlation. Permutation testing was used to determine the statistical significance of each correlation component (1000 permutations). We used bootstrapping with 500 bootstrap samples to determine the stability of the behavior and prosody saliencies. Age, gender, and microphone used were regressed as nuisance factors. When PLSC was applied using a binary contrast (when comparing prosody between PreSp and Sp), nuisance factors were regressed out within each group separately whereas normalization, bootstrapping and permutation were performed across all subjects. For a detailed description of the PLSC algorithm we applied, see Zöller et al. (2019)25.

Symmetrized Percent Change

For longitudinal analyses, we computed ADOS and DQ rates of changes using symmetrized percent change (SPC). We used the same formula as in Godel et al. (2022)9:



Briefly,  and  are the measures (ADOS CSS or DQ) at and , respectively. Thus, each participant’s SPC expresses his/her rate of change in either the ADOS or the MSEL in percentage of his/her mean score across the two timepoints. Furthermore, SPC is normalized for the time difference between the two timepoints, resulting in a yearly rate of change. Using SPC instead of simple absolute difference (such as the simple formula as to represent longitudinal changes presents many advantages that are discussed in Berry & Ayers (2006)26. Most important advantages of SPC include decreased sensitivity to outliers, higher statistical robustness, and reliability in small samples. 
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