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Abstract

Machine learning (ML) research has attempted to detect mental disorders from people’s audio recordings.
Despite seemingly impressive reported results, it remains unclear whether those results reflect genuine clinical
signal or artefacts related to how ML models are trained and evaluated. We re-examine 25 studies included
in a recent systematic review and identify three major recurring methodological problems that are likely to
inflate the ability of ML models to detect mental disorders: (1) data leakage, (2) lack of multiple seeds, and
(3) lack of large, naturalistic datasets. We show via an experiment how ML practices can produce apparently
strong results even in the absence of real, predictive signals. We also conduct robust analyses using a large,
novel dataset, where we find no reliable evidence that mental disorders can be detected from audio across
multiple modelling approaches. Our findings suggest that current evidence may substantially overestimate the
real-world capability of audio-based detection of mental health disorders, highlighting the need for evaluation
standards aligned with best practices for clinical and policy use.

Introduction

Roughly one billion people suffer from mental disorders [1]. Measurement of these disorders is currently
done via clinical interviews or self-report questionnaires [2]. While effective, those approaches require trained
professionals, time, and sustained patient engagement, making large scale screening difficult [3], [4]. As a
result, researchers have increasingly explored whether machine learning (ML) could assist detection of mental
health disorders using passively collected data. Researchers, particularly, have focused on training ML models
on speech, since it is easy to collect, and clinicians have long believed that mood and mental health may
influence vocal characteristics [5]. For example, the speech of patients with major depressive disorder is often
described as monotone, delayed, and slow [6].

Recent ML studies report high classification accuracy [7], suggesting that mental disorders could be detected
automatically from voice recordings, and raising the possibility of scalable and low-burden mental health
assessment. If reliable, such systems could have substantial implications for clinical practice and public health
policy, including earlier identification of risk and improved access to support. However, the practical value
of automated detection depends not only on performance within research datasets, but on whether models
generalise to new individuals across diverse, real-world environments. A central challenge in ML research is
that reported accuracy depends heavily on how models are trained and evaluated. Certain methodological
practices can unintentionally allow algorithms to exploit patterns unrelated to mental health itself, producing
optimistic performance estimates that do not translate beyond controlled datasets [8]. For clinicians and
policymakers, this distinction corresponds to the difference between apparent accuracy under controlled
research conditions and reliable performance in practice.

Despite rapid growth in audio-based mental health research, it remains unclear whether reported success
reflects genuine predictive signal or artefacts related to how models are trained and evaluated. This paper
directly tests the assumption that mental disorders can be reliably inferred from general speech recordings
under realistic conditions. We make two contributions. First, we conduct a critical re-evaluation of 25
studies included in a recent systematic review focused on depression [9], and we identify substantial and
previously undocumented flaws. We also provide an experiment to illustrate recurring methodological
practices systematically inflate reported performance. Second, we evaluate whether reliable detection remains
possible when those issues are removed. Using a large, diverse dataset collected across naturalistic settings,



we implement corrected and robust analyses across multiple modelling approaches. Together, those analyses
provide a direct test of whether current evidence reflects genuine detectability or flaws in model training.

Evaluation Standards

Throughout this study, we define successful detection as performance that generalises to previously unseen
individuals, ideally recorded under heterogeneous, real-world conditions. Such conditions include variation
in recording devices, environments, and participant characteristics, and do not rely on structured clinical
prompting or dataset-specific artefacts. This definition reflects the conditions under which automated
detection systems would ultimately need to operate in real-world clinical and policy settings.

Findings

Evaluation of 25 studies included in a recent systematic review

We re-analyzed 25 studies included in a recent systematic review focused on depression [9]. Across studies,
we identified recurring themes: 1) data leakage, 2) lack of multiple seeds, and 3) robustness of results under
naturalistic conditions.

General data

Table 1 provides general data for the 25 studies we re-evaluated [10]-[34]. A key takeaway is that 20 studies
(80%) used the same dataset, called the “DAIC-WQOZ” (Distress Analysis Interview Corpus - Wizard of
Oz). This means that potential idiosyncrasies of this dataset—rather than genuine, generalisable depression
signals—may be amplified across the literature. The DAIC-WOZ, moreover, is a small dataset: it contains
189 one-to-one clinical interviews between an animated artificial intelligence (AI) agent controlled by a human
in one room, and a participant in another room [35]. Importantly, participants in the DAIC-WOZ dataset
are not just from the general population; instead, a substantial number of participants are army veterans
who likely exhibit particularly poor mental health [35].

Table 1: General information

Study Year Dataset

Bhavya et al 2023  DAIC-WOZ

Chlasta et al 2019 DAIC-WOZ

Cui et al 2022 DAIC-WOZ

Das et al 2024  DAIC-WOZ, MODMA, RAVDESS
Du et al 2023  DAIC-WOZ, MODMA
Feng et al 2023  DAIC-WOZ

Gupta et al 2023  SH2-FS, DAIC-WOZ
Homsiang et al 2022  DAIC-WOZ

Ishimaru et al 2023 DAIC-WOZ

Jenei et al 2020 HDSD

Jenei et al 2021  HDSD

Marriwala et al 2023 DAIC-WOZ

Othmani et al 2021 DAIC-WOZ, RECOLA
Ravi et al 2022  DAIC-WOZ, CONVERGE
Ravi et al 2024 DAIC-WOZ, EATD
Rejaibi et al 2022  DAIC-WOZ, RAVDESS, AVi-D
Saidi et al 2020 DAIC-WOZ

Sardari et al 2022 DAIC-WOZ

Suparatpinyo et al 2023  Thai Corpus

Tian et al 2023 DAIC-WOZ



Study Year Dataset

Wang et al 2022a CHD

Wang et al 2022b  Custom dataset

Yang et al 2023  NRAC, DAIC-WOZ
Yin et al 2023 DAIC-WOZ, MODMA
Zhou et al 2022  DAIC-WOZ

Performance at face value

Table 2 shows how well mental health can be predicted from audio if the literature is taken at face value.
In Table 2, we report accuracy, sensitivity, and specificity, which we directly extracted from [9]. Results for
accuracy, sensitivity, and specificity appear to mirror and exceed those of established depression detection
tools, such as the nine-item patient health questionnaire (PHQ-9) [36].

However, because these measures are sensitive to class imbalances and may therefore be overly optimistic,
we also computed Youden’s J. Youden’s J ranges from -1 to 1. A Youden’s J value of 1 indicates that a
model does not yield any false positives or false negatives, a value of 0 indicates that a model is essentially
guessing randomly, and a value of less than 0 indicates that a model does worse than random guessing.
Youden’s J reveals a more muted performance for the current literature, although the performance still
“seems” acceptable.

Table 2: Performances

Study Year Accuracy Sensitivity Specificity Youden’s J
Bhavya et al 2023 0.7 0.79 0.5 0.29
Chlasta et al 2019 0.78 0.14 1.0 0.14
Cui et al 2022 0.91 0.82 0.94 0.76
Das et al 2024 0.9 0.94 0.86 0.80
Du et al 2023 0.86 0.9 0.82 0.72
Feng et al 2023 0.77 0.58 0.87 0.45
Gupta et al 2023 0.99 0.99 0.96 0.95
Homsiang et al 2022 0.95 1.0 0.9 0.90
Ishimaru et al 2023 0.97 0.95 0.98 0.93
Jenei et al 2020 0.84 0.8 0.88 0.68
Jenei et al 2021 0.85 0.88 0.83 0.71
Marriwala et al 2023 0.57 0.63 0.42 0.05
Othmani et al 2021 0.73 0.46 0.84 0.30
Ravi et al 2022 0.74 0.77 0.67 0.44
Ravi et al 2024 0.83 0.67 0.91 0.58
Rejaibi et al 2022 0.54 0.35 0.59 -0.06
Saidi et al 2020 0.68 0.71 0.65 0.36
Sardari et al 2022 0.7 0.68 0.72 0.40
Suparatpinyo et al 2023 0.77 0.74 0.8 0.54
Tian et al 2023 0.88 0.86 0.88 0.74
Wang et al 2022a 0.84 0.88 0.81 0.69
Wang et al 2022b 0.75 0.76 0.74 0.50
Yang et al 2023 0.87 0.91 0.76 0.67
Yin et al 2023 0.94 0.92 0.95 0.87
Zhou et al 2022 0.83 0.83 0.83 0.66




Critical evaluation

Next, we critically re-evaluated the 25 studies included in the systematic review—Dby auditing their reported
methodology and, where available, their published code—in relation to three issues: 1) data leakage, 2) lack
of multiple seeds, and 3) robustness of results by evaluating under naturalistic conditions.

Issue 1: Data leakage

In ML, models are trained on an initial chunk of data, called the “train set”. Afterwards, models are evaluated
on another chunk of data, called the “test set”. This test set is supposed to be “independent” and “unseen”,
meaning that no part of it sneaks into the train data. When, however, the train set is contaminated with
data from the test set, this is called “data leakage”, which is a problem because it inflates results [37].

It turns out that of the 25 studies included in the systematic review, 12 (48%) suffered from data leakage or
were at high risk of leakage. Generally, data leakage occurred because models were evaluated on the same
speakers that they were trained on. This is akin to giving pupils the same questions during lessons and when
sitting exams. Furthermore, studies regularly chopped a speaker’s transcript into multiple segments and then
distributed these across train and test sets, which means that the same speaker could leak more than once,
exacerbating inflated performance. Table 3 shows the exact reasons why speaker leakage occurred or why it
was a real risk in each study.

Table 3: Investigation of Data Leakage

Study Year Leakage source

Bhavya et al 2023 No evidence

Chlasta et al 2019 Validation/test set subset of train set.

Cui et al 2022 Audio cut into 15s segments and likely distributed across sets.

Das et al 2024 Train and validation loss curves match suspiciously.

Du et al 2023 MODMA participants distributed over train and validation/test set(s).
Feng et al 2023 No evidence

Gupta et al 2023 No evidence

Homsiang et al 2022 Same participants distributed over train and validation/test set(s).
Ishimaru et al 2023 Setting 1 distributes the same people over train and test sets.
Jenei et al 2020 No evidence

Jenei et al 2021 No evidence

Marriwala et al 2023 No evidence

Othmani et al 2021 Code distributes same speakers across train and validation/test sets.
Ravi et al 2022 Entire paper focuses on identifying speakers.

Ravi et al 2024 No evidence

Rejaibi et al 2022 Train and validation loss curves match suspiciously.

Saidi et al 2020 No evidence

Sardari et al 2022 No evidence

Suparatpinyo et al 2023 Same participants distributed over train and validation/test set(s).
Tian et al 2023 No evidence

Wang et al 2022a No evidence

Wang et al 2022b Same participants distributed over train and validation/test set(s).
Yang et al 2023 No evidence

Yin et al 2023 Same participants distributed over train and validation/test set(s).
Zhou et al 2022 No evidence

To demonstrate how speaker leakage can inflate performance, we designed an experiment using a k-nearest
neighbours (KNN) classifier, which predicts a data point’s label based on its similarity to previously seen
data points. We chose KNN because it isolates the underlying mechanism directly: any performance gain
when a speaker appears in both train and test sets can be attributed specifically to the model matching that



speaker’s voice to itself, rather than to any genuine depression signal. Our experiment, described in detail
in the Methods section, had two conditions, averaged across 50 runs. In the first condition, any individual
speaker could either appear in the train set or the test set, but not both. In the second condition, speakers
appeared in both train and test sets. When individual speakers appeared in both sets—that is, they leaked
across sets—the performance for accuracy was somewhat inflated, and the performance for sensitivity and
Youden’s J was substantially inflated. Table 4 reports our results.

Table 4: KNN classifier performance with and without speaker leakage between train and test sets, averaged
across 50 runs

Condition Accuracy Sensitivity Specificity Youden’s J
KNN 0.65 0.42 0.68 0.11
KNN with leakage 0.67 0.60 0.68 0.28

But why does speaker leakage cause inflated performance? Our response is that it appears that models
memorise speaker identity, associating certain speakers with a certain outcome, rather than recognising
genuine depression patterns [38].

Issue 2: Lack of multiple seeds

ML models rely on a random number generator to make their predictions, and the sequence of random
numbers that this generator produces is determined by a “seed”. This seed is the initial state of the random
number generator, and to set this initial state, researchers assign some integer value such as “seed = 42”
in their research code. Although the exact value of this seed seems benign, the performance of models can
vary substantially depending on the chosen seed. While “seed = 42” could yield good results, “seed = 32”
could result in a useless model [39]. For example, in our above KNN experiment across 50 seeds, the worst
performing seed achieved an accuracy of 0.50, which is essentially random performance. The best performing
seed, on the other hand, achieved an accuracy of 0.76.

Robust ML research, therefore, tests the same model multiple times varying the seeds, and then averages the
performance of the model across the seeds [40]. Nevertheless, only one of the 25 re-reviewed studies made
use of multiple seeds [32]. Reported results in the literature, therefore, could simply be due to particularly
favourable seeds. A single seed introduces the risk of “seed-hacking”, i.e. the practice of trying various seeds,
until one yields desired results [39].

Issue 3: Robustness of results under naturalistic conditions

To test whether reliable detection persists when potential training flaws are removed, we conducted robust
analyses using the Bridge2Al dataset. The Bridge2AI dataset contains overall 833 participants recruited across
specialty clinics in the US [41]. The researchers measured outcomes such as depression using standardised
scales such as the PHQ-9, and they recorded vocal data in heterogeneous real-world recording environments
[41]. Using common cut-off points, Table 5 shows the binary distribution for participants in the Bridge2AI
dataset who are positive and negative across mental health outcomes. The table shows raw counts and
percentages in parentheses. Since not every person participated in the mental health arm of the research, the
counts of participants are less per outcome than 833.

Table 5: Prevalence of depression, anxiety, and loneliness in the Bridge2AI sample

Outcome Count Positive Negative

Depression 773 100 (13%) 678 (87%)
Anxiety 774 86 (11%) 688 (39%)
Loneliness 163 56 (34%) 107 (66%)




We used three types of analyses to explore the robustness of mental health detection from audio in the
Bridge2Al dataset. We used correlational analysis, static classifiers, and time-series modelling. Our approaches
mirrored those in the studies we reviewed. Overall, we found no reliable evidence that acoustic features
predicted mental disorders.

Table 6 shows the Spearman’s correlation coefficients between mental health outcomes and eleven variables
that appeared promising in the literature [42], [43]. For example, “speaking_rate” is the number of words
spoken in the recording, and “FOsemitoneFrom27.5Hz_smadnz_ stddevNorm” is a measure of pitch variability.
The reader will find descriptions of other variables in the literature [44]. Almost all Spearman’s correlations in
Table 6 are close to 0, indicating no monotonic relationships between variables and outcomes. Two variables,
to be fair, did appear to weakly correlate with loneliness. Rather than these being genuine correlations,
however, we considered the coefficients to be artefacts of a small sample size.

Table 6: Spearman’s correlation coefficients between acoustic variables and mental health outcomes in the
Bridge2Al dataset

Variable Depression Anxiety Loneliness
mfccl smad  stddevNorm 0.07 0.06 -0.05
mfcc2 smad_ stddevNorm -0.06 -0.02 0.02
mfce3 smad  stddevNorm 0.02 0.08 -0.05
mfcc4d sma3  stddevNorm 0.03 -0.00 -0.10
Flfrequency_smadnz_amean -0.01 0.02 0.11
F2frequency__smadnz_amean -0.00 0.02 0.07
FOsemitoneFrom27.5Hz sma3nz_stddevNorm -0.05 -0.04 0.09
cepstral__peak_prominence mean 0.00 -0.00 0.03
local_jitter -0.02 -0.00 -0.06
mean_hnr db 0.04 0.04 0.06
speaking_rate -0.08 -0.03 -0.05

Table 7 shows the performance of static classifiers for mental health outcomes on the Bridge2AI data [10].
The table shows mean performance across seeds with standard deviations in parentheses. We selected static
classifiers that seemed to have done well in previous research, and we used the eleven variables from Table 6
as inputs. Although accuracies in Table 7 might suggest models can meaningfully classify outcomes, Youden’s
J, which is insensitive to class imbalance, suggests essentially random performance. Interestingly, the random
forest model, the classifier with the highest accuracy, appeared to default to predicting the majority class.

Table 7: Static classifier performance for depression, anxiety, and loneliness in the Bridge2Al dataset. Values
show mean (SD) across seeds.

Model Metric Depression Anxiety Loneliness
Logistic regression Accuracy 0.57 (0.04) 0.58 (0.04) 0.51 (0.08)
Sensitivity 0.49 (0.10) 0.41 (0.11) 0.40 (0.11)
Specificity 0.59 (0.05) 0.60 (0.05) 0.57 (0.11)
Youden’s J 0.08 (0.10) 0.01 (0.11) -0.03 (0.15)
Random forest Accuracy 0.78 (0.03) 0.83 (0.03) 0.54 (0.07)
Sensitivity 0.14 (0.07) 0.14 (0.09) 0.36 (0.13)
Specificity 0.88 (0.03) 0.91 (0.03) 0.64 (0.10)
Youden’s J 0.01 (0.06) 0.05 (0.09) -0.00 (0.15)
Support vector machine  Accuracy 0.66 (0.04) 0.68 (0.04) 0.52 (0.08)
Sensitivity 0.31 (0.10) 0.28 (0.09) 0.29 (0.14)
Specificity 0.71 (0.05) 0.73 (0.05) 0.64 (0.12)
Youden’s .J 0.02 (0.10) 0.01 (0.09) -0.07 (0.16)




Table 8 shows the performance of our time-series modelling on unseen test data after ten epochs of training.
The time-series models used acoustic properties from a closed speech task to attempt the prediction of
mental health. The Table 8 shows similar results to Table 7: some apparent discriminant behaviour based on
accuracy, but essentially random or worse-than-random predictions once Youden’s J is considered. Notably,
performance on the train data was improving with every epoch of training. On the loneliness data, for
example, sensitivity, specificity, and Youden’s J improved from 0.62, 0.35, and -0.03 in epoch one to 0.89,
0.9, 0.79 respectively in epoch ten. The models, however, over-fitted on unseen test data: for example, while
models achieve Youden’s J scores of -0.03, 0.17, 0.34 in epochs one, two, and three for training data, the
models achieved scores of -0.04, -0.06, and -0.09 on test data in the same epochs respectively for loneliness.
All this suggests that our models may have learned to recognise speakers, rather than learn generalisable
acoustic markers of mental health status. On unseen data, the models often appeared to default to majority
class prediction.

Table 8: Time-series classifier performance for depression, anxiety, and loneliness in the Bridge2AlI dataset.
Values show mean (SD) across seeds.

Metric Depression Anxiety Loneliness

Accuracy  0.77 (0.04)  0.80 (0.04) 0.51 (0.07)
Sensitivity ~ 0.14 (0.11)  0.16 (0.09) 0.24 (0.14)
Specificity  0.86 (0.06)  0.88 (0.05) 0.65 (0.10)
Youden’s J -0.00 (0.08)  0.03 (0.06) -0.11 (0.16)

Discussion

This study revisits a rapidly expanding literature suggesting that mental disorders can be detected auto-
matically from speech. Our findings indicate that much of the reported success may arise from the choice
of performance metrics as well as the way ML models are trained. Performance metrics are sensitive to
class imbalances, and usually mental health datasets contain few positive cases of participants with mental
health disorders. On the other hand, the lack of multiple seeds to evaluate models and data leakage are
likely inflating results some studies report. In contrast, when we evaluated the classification of mental health
status under robust experimental settings, we did not observe reliable mental health detection from acoustic
markers in our data.

Our findings, however, do not imply that speech necessarily lacks practical relevance. Rather, the results
suggest that current ML approaches need to be aligned with robust evaluation standards to make meaningful
progress for the automated detection of mental disorders at population scale. While the field of traditional
statistics has by now developed an understanding of its methodological pitfalls, e.g. small sample sizes inflating
results [45], modern ML is a much younger discipline, and yet needs to develop its own understanding of
pitfalls [46].

Our findings have important implications for clinical practice and policy. Premature deployment of unreliable
automated screening tools could lead to false reassurance, unnecessary referrals, misallocation of limited
resources, and erosion of trust in digital mental health technologies [47]. Therefore, careful evaluation
standards are essential before integrating such systems into healthcare pathways. More broadly, the challenges
identified here extend beyond audio-based detection. Many areas of Al in healthcare rely on benchmark
datasets and flexible modelling pipelines that may unintentionally favour optimistic conclusions [48]. Existing
evidence-assessment frameworks were developed for traditional statistical studies and often overlook ML-
specific risks such as data leakage. As a result, systematic reviews may aggregate inflated findings without
detecting shared methodological weaknesses. Progress in this area will likely depend on evaluation standards
aligned with deployment conditions, including participant-level separation, heterogeneous data collection,
repeated stochastic evaluation, and transparent reporting of model selection procedures. Establishing such
standards is not only a technical issue, but also a governance and policy priority.



Conclusion

The promise of scalable mental health assessment remains compelling. However, scientific progress depends
on distinguishing genuine signal from artefact. Our re-evaluation found that 12 of the 25 reviewed studies
(48%) showed evidence of, or were at high risk of, data leakage, and only one study used multiple seeds to
guard against seed-hacking. When we corrected for these issues and evaluated detection under naturalistic
conditions using a large, independent dataset, we found no reliable evidence that mental disorders can be
detected from audio. Our findings suggest that current claims regarding audio-based detection should be
interpreted cautiously, and that stronger methodological standards are necessary before such systems can be
considered reliable for real-world use. We recommend that future work distribute different participants across
train-test splits to eliminate speaker leakage, rather than chop a participant’s recording into multiple segments
and distribute these across sets. We also recommend that studies report model performance averaged across
multiple seeds rather than a single run, that studies use evaluation metrics such as Youden’s J that are
insensitive to class imbalances, and that studies employ large, naturalistic datasets.
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Method

Study selection for review

We included all 25 studies from a recent systematic review for re-evaluation [9]. Detailed exclusion and
inclusion criteria can be found in the original review manuscript [9]. We chose this particular review, because
it had filtered for better-quality studies with more transparent reporting. We then re-evaluated the included
studies by parsing their manuscripts and, where available, their published code bases.

Performance metric calculations

We present the face-value performance of classifiers in our re-examined studies, using values as reported in
the systematic review [9]. In addition, we calculated Youden’s J, a performance metric insensitive to class
imbalance [49].

J = sensitivity + specificity — 1 (1)

We report Youden’s J because the datasets used in the literature are heavily imbalanced, with relatively few
positive cases for the disorders studied. This imbalance can make metrics such as accuracy overly optimistic
estimates of performance. We report the same metrics for our own modelling.


https://github.com/siavushshahrizad/illusion_of_detection

Effect of using different seeds

We used 50 seeds for our modelling, except for the time-series models where we used 20 seeds to reduce
compute time. We chose a floor of 20 seeds to ensure sufficient statistical power for reliable estimation of
mean performance [50]. Both model initialisation and data splits varied across seeds. When reporting results,
we averaged the performance of our models across seeds.

Bridge2Al dataset

The Bridge2Al dataset is an ongoing project [51]. The project seeks to create an ethically sourced flagship
dataset for future ML research into voice as a biomarker. Participants had presented at five speciality clinics
in North America during routine screening or treatment. They became eligible for participation based on
known disorders, such as neurological, affective, or vocal [51]. Once participants consented to the study,
researchers collected standardised data on demographics, health behaviour, and various vocal measurements.
In its current form, Version 3.0, the dataset includes a total of 833 participants, although the exact number
of participants for our analyses varies across outcomes.

Outcomes

We used three mental health outcomes: depression, anxiety, and loneliness. Participants on the Bridge2Al
dataset completed the PHQ-9 as a measure of depression, the seven-item generalized anxiety disorder
questionnaire as a measure of anxiety, and a custom single-item measure for loneliness [51]. We binarized
variables such that each outcome had a positive (y = 1) and a negative (y = 0) class.

y € 40,1} (2)

We used common cut-off points from previous work or our own conservative cut-offs to classify participants
based on their raw questionnaire scores [52].

y:{l if s> )

0 ifs<t’

where 7 is a cut-off point specific to the outcome. Our cut-off points were Tgepression = 10, Tanxiety = 10, and
Tloneliness 2 9.

Predictors for KNN experiment and time-series models

We used Mel frequency cepstrum coefficients (MFCCs) as predictors for our KNN experiment and time-series
models, because the literature, as it currently stands, believes that they are highly predictive [9]. In practical
terms, MFCCs are inputs that measure the presence of certain speech frequencies at any given time in a
recording. These MFCCs were computed from “spectrograms”, which themselves are a visual representation
of frequencies in raw audio files. The raw audio files that were used to create spectrograms, in turn, came from
two tasks: a Rainbow task, and a story-recall speech task. Data from open speech tasks was not available
[61]. In the Rainbow task, participants were asked to read a few sentences about how light reflects and how,
according to folklore, there is a pot of gold at the end of rainbows [53]. In the story-recall task, participants
listened to a story and then recalled its details. The Rainbow task was more constrained, and the story recall
task was more unconstrained. Since results were essentially the same, we only report results for the Rainbow
task in the manuscript. Initially, we had decided to use data from both tasks, because more unrestricted data
may be more predictive of outcomes, although more restricted tasks may be more feasible in deployment
settings [54].It is important to note that recording conditions varied, partially due to the different clinical
sites themselves, but also because different recording and input devices were used, e.g. with and without
headset [51].



We did not compute these MFCCs ourselves, as the raw data was unavailable to us. Instead, the original
researchers precomputed and released MFCCs using the Torchaudio interface [51]. On a technical level,
these MFCCs were derived from spectrograms computed using a short-time fast Fourier transform with a
25ms window size and 10ms hop length [55]. Mathematically, MFCCs were input matrices for our models
X € RT*60 with 60 dimensions per time frame ¢ with ¢ = 1,--- ,T. The exact value of T varied from sample
to sample due to recording length.

We normalised the MFCC vectors. In some instances, it was cosmetic. In other instances, modelling would
have failed without it. To normalise, we calculated means and standard deviations for each component of the
MFCC vector across all timesteps 1. These calculations were based on the train set only—otherwise, there
would have been data leakage—and then we used these summary statistics to normalise all datasets.

X = ExDirain

1 T
T ; Xt] (4)

T

=y X 26w ®

NEDyrain t=1

Data leakage experiment

We used a k nearest neighbours (KNN) classifier to investigate the inflationary effect of data leakage. Our
KNN classifier assigned new data points by looking at the &k = 5 most similar data points it had seen during
training. It then chose the label the majority of the k& most similar data points had. In other words, KNN
classified purely on similarity, and to assess this similarity, KNN calculated a Euclidean distance d(x;,x;) for
two vector representations of audio:

NIE

d(xia Xj) = (Ilk - xjk)27 (6)

el
Il
—

with n = 60 in our case.

Our experiment comprised two conditions. In the non-leakage condition, we split recordings into two halves
in the middle m with m = [T'/2], creating two vectors with averaged MFCCs.

1
X7 = szt (7)
t=1
1 T
XRp = T_mt:%;rl){t (8)

Once recordings were split, we then selected an independent train set and fed the left-hand side of the
recording to the model. Then, we evaluated on the right-hand side of the recording of an independent test
set. In other words, in this condition, our model never saw the two halves of any one person’s recording but
only one half of each person.

In the leakage condition, we still trained on the left-hand side of a recording and tested on the right-hand.
However, we drew samples from the entire data set, not just one of the sets, to generate these halves. The
number of samples that the model was evaluated on in this condition was the same as in the non-leakage
condition.
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This design also explains our choice of KNN for our leakage experiment: KNN isolates the causal mechanism.
Any improvement under the leakage condition can be attributed directly to matching a speaker during
evaluation who is similar to one seen during training. In other words, speakers are recognized [38].

For a variety of reasons, our experiment was deliberately conservative. First, we only used MFCCs as
predictors, which only measured frequencies, rather than a multi predictor approach that might give a model
more surface to recognize a speaker. Second, we mitigated idiosyncratic frequencies speakers might have
exhibited, because we used the rainbow task as a source of MFCCs, in which everyone spoke the exact same
words. Third, we only split a single recording into two halves and averaged MFCCs across these two halves.
In contrast, we could have split recordings into multiple segments in which many shorter, adjacent segments
are more likely to be similar to one another. This would have given our model more material to recognize
individual speakers. The reason short, adjacent segments are more similar to one another, rather than
two long halves, is auto-correlation: speech is a continuous wave; physically it is vibration of air molecules.
MFCCs that are only a short distance § apart are more correlated than MFCCs that are more timesteps A
apart, simply because speech changes gradually.

E [d(Xt,Xt+5)2} S E [d(xt,XH,A)Q} for 6§ < A (9)

Correlation analysis

Based on literature, we selected several predictors a priori that were supposed to show strong correlations
with our outcomes [42], [43]. Since much of the existing literature is based on small samples, we interpreted
these prior findings with caution. The predictors we chose, in the end, were the normalised standard deviation
of the first four MFCCs; the mean F0, F1, and F2 frequencies; the mean cepstral peak prominence; the local
jitter; the mean harmonics-to-noise ratio; and the speaking rate. We then calculated Spearman’s correlation
coefficients for these variables and our binary outcomes. We used Spearman’s rather than Pearson’s correlation
coefficient, as our outcomes were ordinal variables.

Static classifiers

We created three different classifiers as they seemed to have done well in previous research: a logistic regression,
a support vector machine, and a random forest classifier [10]. We did not conduct any hyperparameter
searches. Our logistic regression used a pure L2 penalty with a liblinear solver. Our random forest classifier
had 100 trees and required at least 50 samples to split an internal node, and at least 20 samples for a node to
be a leaf. The support vector machine used a radial basis function kernel, a full L2 penalty, and a scaled
gamma coefficient.

We used speaker-independent train-test splits across our seeds. The ratio was always 80:20. We weighed data
by inverse class frequency to account for imbalances. We implemented the static classifiers in scikit-learn.

Time-series models

We used a unidirectional, long short-term memory (LSTM) classifier with a single recurrent layer to predict
mental health outcomes from time-series speech data [56]. We chose an LSTM, as there is a belief that it
is particularly well-suited to the prediction of mental disorders [9]. Unlike standard neural networks that
cannot natively process time-series data, LSTMs can retain a memory of the time-series, selectively including
or discarding prior information [56]. Consequently, the hope behind the use of an LSTM is that the model
yields improved classification at the final timestep T of a recording, because it has learned to integrate
temporally relevant patterns from preceding timesteps t < T. An alternative to our LSTM would have been
a transformer architecture. We chose the LSTM, because LSTMs seem competitive with transformers [57]
and may even outperform them for time-series data [58].

We describe below how our LSTMs worked in practice. The LSTMs retained and discarded information by
maintaining a cell state ¢;, which was updated with the MFCC feature vector at each time step x; € R,
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What information flowed in and out of the cell states, specifically, was controlled via the previous cell state
ct—1, the forget gate f;, the input gate i;, and the candidate cell-state vector g;.

ct = ft ©ce—1 + 1 O gy, (10)

The input, forget, and candidate cell-state vectors were computed by applying nonlinear activation functions
to affine transformations of the MFCC input x¢ and the previous hidden state h;_1.

i = o(Wigzy + by + Wiihe—1 + bpi) (11)
fr = o(Wipxy + big + Wighe—1 + bry) (12)
gt = tanh(Wigxt + big + Whght71 + bhg) (13)

The hidden vector of h; € R3? was then computed via another vector o;:

Oy = O—(wat + bio + Whoht—l + bho) (14)

ht = op @ tanh(cy) (15)

We then passed the final hidden vector hr through a linear layer to obtain a classification of the recording.

We used a cross-entropy loss function, and we used Adam with o = 1072 for stochastic optimisation [59].

N
[— _% Z[yi log(g;) + (1 — yi) log(1 — ;)] (16)

We trained for ten epochs. As before, we used speaker-independent train-test splits across seeds, with a ratio
of 70:30. We weighted data in the same way as with our static classifiers. We did not tune hyperparameters,
and we implemented the LSTMs in PyTorch.
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