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Abstract
Early suicide risk detection in adolescents is critical yet hin-
dered by scalability challenges of current assessments. This
paper presents our approach to the first SpeechWellness Chal-
lenge (SW1), which aims to assess suicide risk in Chinese ado-
lescents through speech analysis. Due to speech anonymization
constraints, we focused on linguistic features, leveraging Large
Language Models (LLMs) for transcript-based classification.
Using DSPy for systematic prompt engineering, we developed
a robust in-context learning approach that outperformed tradi-
tional fine-tuning on both linguistic and acoustic markers. Our
systems achieved third and fourth places among 180+ submis-
sions, with 0.68 accuracy (F1=0.7) using only transcripts. Abla-
tion analyses showed that increasing prompt example improved
performance (p=0.003), with varying effects across model types
and sizes. These findings advance automated suicide risk as-
sessment and demonstrate LLMs’ value in mental health appli-
cations.
Index Terms: Speech wellness, Suicidal risk detection, Large
Language model, In-context learning

1. Introduction
Suicide represents one of the most pressing global public health
challenges, ranking as the fourth leading cause of death among
adolescents aged 15-19 years [1]. The COVID-19 pandemic
has further intensified this crisis, with studies reporting signif-
icant increases in suicidal ideation among young people [2].
Despite substantial efforts in suicide prevention, current as-
sessment methods face critical limitations: psychological self-
reports and professional evaluations often fail to capture the full
extent of suicidal ideation and attempts, as individuals may be
reluctant to disclose completely their thoughts before transition-
ing to a suicide attempt [3].

The early detection of suicide risk is paramount for effec-
tive intervention and resource allocation. However, traditional
assessment approaches, such as clinical interviews and psycho-
logical evaluations, face significant scalability challenges due
to the global shortage of mental health professionals [4]. This
scarcity is particularly acute in low- and middle-income coun-
tries [5], where the ratio of mental health workers to population
can be as low as 1 per 100,000 people [6]. These constraints un-
derscore the urgent need for objective, scalable, and automated
methods to detect suicide risk efficiently and reliably.

Speech markers have emerged as a promising avenue for
identifying various mental health conditions [7], including de-
pression [8], anxiety [9], and suicidal ideation [10, 11]. Both
acoustic [12, 13] and linguistic representations [14] have been
explored for speech-based suicide risk assessments. However,
the widespread adoption of these automatic assessments in clin-

ical practice has been hindered by several factors: the scarcity
of publicly available datasets to develop robust methods, the
absence of standardized benchmarks for system evaluation, and
challenges in comparing different techniques [15].

The first SpeechWellness Challenge (SW1) [15] was estab-
lished to address these limitations by advancing speech tech-
niques for detecting suicide risk through a mutual open bench-
mark. The challenge provides a unique dataset of 600 Chinese
adolescents aged 10-18 years, with balanced representation of
individuals identified as having suicide risk based on psycho-
logical scales. Participants were tasked with developing mod-
els that utilize both spontaneous and reading speech as digital
biomarkers for binary suicide risk classification. In this paper,
we present our approach to the SW1 challenge, focusing pri-
marily on Large Language Models (LLMs). Even though there
are identified risk factors such as rumination correlated linked
to suicide risk[16], there is no clear and established way how to
capture it automatically from speech content. Our additional de-
cision to concentrate on linguistic features was motivated by our
empirical findings that acoustic methods showed poor general-
ization, likely due to the challenge’s speech anonymization re-
quirements. These requirements particularly impacted speaker
representations like deep speaker embeddings, which have pre-
viously shown promise in mental health and suicide risk assess-
ment [17, 18]. By leveraging only speech transcripts, our sys-
tems achieved third and fourth places among over 180 submis-
sions, with an accuracy of 0.68, and surpassing the classic and
challenging baselines from the challenge organizers.

Central to our methodology is the application of Large Lan-
guage Models (LLMs) as few-shot learners [19]. Rather than
relying on manual prompt engineering, we employed a ’pro-
gramming’ approach to employ LLMs and their configuring by
using the DSPy framework [20] to systematically develop and
optimize our prompting strategy. This automated approach not
only enhanced the robustness of our experiments but also en-
sured their reproducibility (a crucial consideration for clinical
applications). Besides, we conducted extensive analysis and
statistical experiments across multiple LLM architectures, num-
ber of in-context examples and model sizes to examine main
contributing factors for suicide risk detection. Finally, we in-
vestigated Chain-of-Thought (CoT) reasoning approaches, per-
forming qualitative analyses of the reasoning traces to under-
stand how models interpret and process speech transcripts for
suicide risk assessment.

Previous research by [10, 11, 18] has greatly advanced
speech-based approaches for suicide risk assessment, yet there
remains no clear consensus on optimal detection methods from
speech content across languages, particularly for adolescent
populations. Besides, the reliability of acoustic markers can
be compromised by recording devices [21] and environmental
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Figure 1: (Left) Overview of the three methods used for our submissions to the Speech Wellness Challenge. The first method employs
direct audio processing using a pretrained audio encoder paired with a classifier. The second method uses a Large Language Model with
a 4-shot classification approach. The third method extends this approach by adding chain-of-thought instruction. (Right) Illustration of
the few-shot prompting technique and the chain-of-thought reasoning. The transcriptions are fake for privacy reasons, but the reasoning
path is extracted from a successful prediction of the LLM on the dev set.

factors like reverberation [22].
On the other hand, automatic speech recognition has made

great strides in terms of performance, enabling reliable use of
speech content [23]. Simultaneously, the progress of LLMs
in numerous linguistic tasks opens new opportunities in men-
tal health applications. [24] and [25] demonstrated that pro-
grammatic prompt engineering with DSPy outperformed man-
ual prompt optimization for detecting mental health issues in
social media content. Similarly, LLM applications have proven
effective for PTSD detection [26] and identifying OCD patterns
[27]. Particularly relevant to our work, [17] achieved strong per-
formance using both audio and language modalities on a non-
anonymized version of the SpeechWellness Challenge dataset.

2. Speech wellness challenge
The SW1 challenge consists of a suicidal risk detection task,
where participants are required to produce a model to predict
the label (has suicidal risk or not) for a subject. The training
and testing datasets comprise speech recordings from 600 Chi-
nese teenagers aged 10-18 years, with 50% identified as having
suicidal risk based on psychological scales [28]. All subjects
(speakers) have been anonymized to make the dataset available
to participants of the SW1 challenge. This provides a unique
opportunity to apply and refine advanced speech technologies
for public health while preserving the privacy of all subjects.

Each speaker completed three audio tasks: two spontaneous
responses and one reading task. The first spontaneous task re-
quired answering the question: ”Have you ever experienced mo-
ments of extreme emotional distress? How do you manage such
feelings?”. The second open-ended task involved describing an
image of a face expressing negative emotions. The reading task

consisted of reading a passage from Aesop’s Fables untitled The
North Wind and The Sun. For our first approach using audio
processing, we used all three audio tasks. But when focusing
on speech transcripts, we only used the spontaneous tasks.

The speech recordings were preprocessed by the challenge
organizers with neural voice conversion techniques to alter the
voice’s timbre and to anonymize the speakers with x-vector.
The dataset is split in two classes according to a binary label ”at
risk” or ”not at risk”. We reported the accuracy on the Dev set,
and also the ranks of the participants and accuracy on the test-
ing set for our 3 submissions. For more analysis, the challenge
organizers provided the confusion matrix for our best system.

Table 1: Characteristics of the SW1 dataset for train, develop-
ment (dev) and test sets.

All data Train Dev Test

N 600 400 100 100
Sex(F/M) 420/180 280/120 66/34 74/26
Age 13.8 (2.4) 13.8 (2.4) 13.8 (2.4) 13.8 (2.5)
Suic. risk 300/300 200/200 50/50 50/50

3. Methods
3.1. Baselines

First, we tested if the audio modality is capable of detecting sui-
cide risk. We compared classic signal processing, eGeMAPS
features [29], and pretrained speech foundation models Whis-
per [23] and Hubert [30]. These speech foundation models are
repurposed to provide a fixed-size embedding and provided to
a classifier (Left part in Figure 1). The three audio tasks were
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segmented into 10-second slices. These slices were processed
by each pretrained speech foundation model and labelled with
the suicide risk label. A trained Logistic Regression classifier
generated a prediction probability for each audio slice. We ex-
perimented with using each vocal task separately as well as in
combination, applying different pooling techniques (mean, max
and various mellowmax poolings [31]).

As we observed poor generalization of participants on the
global ranking, to ensure the capability of generalization of our
methods, we reshuffled the training and development sets us-
ing stratified splitting. The folds remain balanced and with a
similar distribution of age and sex. We reported the two base-
lines provided by the challenge organizers: one classic (1) using
eGeMAPS followed by a Support Vector Machine (SVM) clas-
sifier to perform the classification task, and a (2) multimodal
approach combining wav2vec 2.0 as audio encoder and BERT-
BaseChinese model as text encoder (see [15] for more details).
For the ablation study (Table 3), we ran our experiments with
different seeds for example selection and LLM inference.

3.2. LLM as classification module

Our approach leveraged LLMs as binary suicide risk classifiers
from speech transcripts obtained with Whisper [23] through in-
context learning. Following [32, 19], we prompted each LLM
to perform classification without any fine-tuning, by providing
task descriptions and examples within the context window. We
explored both standard zero-short inference [32], few-short in-
ference [19] and chain-of-Thought (CoT) reasoning [33] as il-
lustrated in Figure 1. The main hypothesis is that examples can
help LLMs find patterns and improve probability distribution
for language modeling. The main idead behind CoT, it encour-
ages models to make intermediate reasoning steps before mak-
ing a final prediction.

The classification pipeline was developed with the DSPy
framework [20], which enabled programmatic prompt construc-
tion, ensured experimental reproducibility and allowed easy in-
spection of outputs. Our prompt template that structured the
input with specific contextual framing is displayed in Figure 2.

1 [[ ## context ## ]]
2 A Chinese teenager was given 2 tasks.
3 1. They had to answer to the
4 following question
5 ’Have you ever experienced moments of
6 extreme emotional distress?
7 How do you manage such feelings?’
8 Their answer: {first speech transcript}
9 2. They were shown an image of a face

10 displaying negative emotions, and asked
11 to describe it.
12 Their answer: {second speech transcript}
13

14 [[ ## question ## ]]
15 Is this patient at risk of suicide?

Figure 2: Prompt template for our submission to define the
DSPY program to tackle suicide risk detection based on speech
transcripts.

We compared two LLM models that showed great perfor-
mance in multiple benchmarks: Gemma2 [34] with 9 billions
of parameters and Qwen2.5 with 7 billions of parameters [35].
We chose the models versions that were fine-tuned with instruc-
tions. For ablation analysis, we also studied a smaller and larger

version of Gemma2 with 2 and 27 billions of parameters.

3.2.1. Statistical analysis of in-context learning

After the SW1 challenge, to analyze the relationship between
classification accuracy and the number of examples provided in
the LLM prompt, we performed a large scale experiments with
multiple models version and size. We computed the accuracy as
a function of the number of examples. We ran a multiple linear
regression with interaction terms. The model was specified as:

Accuracy ∼ example count + C(model type) + model size
+ example count × C(model type)
+ example count × model size

Here are the definitions of each term: example count
represents the number of examples included in the prompt.
C(model type) is a categorical variable representing different
LLM models, and model size denotes the size of the model. We
also included interaction terms to examine whether the effect of
increasing the number of examples varies across different mod-
els. Specifically, example count : C(model type) captures the
interaction between the number of examples and model type,
while example count : model size examines how the effect of
additional examples changes with model size.

We used Ordinary Least Squares (OLS) regression to es-
timate coefficients and test their significance. We ran 3 times
the experiments with different seeds to ensure reliability of our
ablation analysis, and reported each coefficient (β) and its asso-
ciated p−value.

4. Results
Our experiments with classic acoustic features showed limited
success (See Table 2). The baseline OpenSMILE features [29]
performed poorly, which our replication confirmed. This un-
derperformance likely stems from the anonymization process
applied to the audio data. We achieved optimal acoustic model
performance by applying a mellowmax(1.0) pooling to slice-
level predictions using Whisper L features. This approach
yielded an accuracy of 0.63 on the Dev* set and 0.54 on the
Test set. Compared to the original SW1 authors’ work [17], the
audio modality seem compromised by anonymization.

Zero-shot approaches with LLMs showed modest results,
with both Qwen2.5 and Gemma2-9b achieving only 0.52 ac-
curacy on the Dev set. However, in-context learning demon-
strated promising results both for Qwen2.5 and Gemma2, with
a potential positive link between performance and the number
of examples included in the prompt. Gemma2-9b particularly
stood out with superior performance compared to other models.
Our best-performing submission leveraged Gemma2-9b with 4-
shot prompting, achieving 0.67 accuracy on the development set
and 0.68 on the test set, securing 3rd place in the challenge. Fi-
nally, Chain-of-Thought (CoT) reasoning did not significantly
improve performance, yet still achieved 4th place overall.

We also reported the confusion errors on the test set for our
best system (Figure 3) and found that our method prioritizes
detecting at-risk individuals. This bias reduces false negatives
— critical in suicide risk detection — while increasing false
positives, a less harmful trade-off in this situation.

In Table 3, we reported the results of few-shot classifica-
tion across different model architectures and sizes. When per-
forming few-shot classification, LLMs selects examples from
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the training set —we used random sampling— and applies the
same examples for all predictions on the development set. To
evaluate the impact of examples selection, we varied DSPy’s
random seed and observed performance variation due to exam-
ple selection. For instance, our submission configuration (4-
shot with Gemma-2-9b) shows now a standard deviation of 0.7
in accuracy when evaluated with three different seeds, while de-
fault seed got 0.67 accuracy. This variability highlights the sig-
nificant influence of example selection on model performance.
Example selection in the prompt seem to play therefore a crit-
ical part for generalization as reported by the authors of DSPy
framework on other benchmarks [20].

Table 2: Final Accuracy results for the SW1 challenge on the
different sets. Not all approaches could be evaluated on the
held out Test set during the SW1 challenge period. LLMs exper-
iments realized with DSPy on a single seed.

Dev* Test Rank
Baselines
eGeMAPS + SVM [17] / 0.51 130/188
Wav2Vec 2.0 + BERT [15] / 0.61 15/188
Audio representations
eGeMAPS + Logistic Regression 0.51 / /
Hubert L + Logistic Regression 0.53 / /
Whisper L + Logistic Regression 0.63 0.54 82/188
LLM approaches
Qwen2.5-7b Zero-shot 0.52 / /
Qwen2.5-7b 1-shot 0.55 / /
Qwen2.5-7b 4-shot 0.59 / /
Gemma2-9b Zero-shot 0.52 / /
Gemma2-9b 1-shot 0.55 / /
Gemma2-9b 4-shot 0.67 0.68 3/188
Gemma2-9b 4shot — CoT 0.67 0.66 4/188
First place of the challenge / 0.74 1/188

Figure 3: Confusion matrix for our best system on the test set.

The results from the OLS regression indicate that increas-
ing the number of examples in the prompt significantly im-
proves classification accuracy (example count β = 0.0023,
p = 0.003), supporting the hypothesis that in-context learning
enhances model performance. However, the interaction terms
reveal that this effect is not uniform across models. The Qwen
model shows a smaller benefit from additional examples com-
pared to the baseline, as indicated by the negative interaction
term (example count:C(model type)[T.qwen] β = −0.0017,

Table 3: Results of classification experiments with varying
model architectures and sizes (Gemma-2 2b/9b/27b Instruct,
Qwen2.5 7b Instruct), and few-shot settings, k being the num-
ber of examples provided to the model. Mean Accuracy and
standard deviation are computed over three runs with differ-
ent random seeds. 64 and 128 examples could not compute for
Gemma2 2b and 9b.

k Gem.2b Gem.9b Gem.27b Qwen7b Avg.
0 0.52 (.00) 0.52 (.00) 0.53 (.00) 0.52 (.00) 0.52 (.00)
1 0.55 (.01) 0.57 (.04) 0.57 (.03) 0.55 (.02) 0.56 (.01)
2 0.52 (.02) 0.57 (.05) 0.56 (.01) 0.57 (.03) 0.55 (.02)
4 0.54 (.06) 0.60 (.07) 0.58 (.02) 0.60 (.05) 0.58 (.02)
8 0.53 (.03) 0.60 (.06) 0.58 (.02) 0.61 (.03) 0.58 (.03)
16 0.57 (.03) 0.59 (.04) 0.61 (.04) 0.59 (.01) 0.59 (.01)
32 0.57 (.04) 0.64 (.01) 0.61 (.04) 0.58 (.03) 0.60 (.03)
64 N/A N/A 0.62 (.00) 0.57 (.05) 0.60 (.03)
128 N/A N/A 0.53 (.03) 0.56 (.04) 0.55 (.02)
Avg. 0.54 (.02) 0.58 (.03) 0.58 (.03) 0.57 (.03)

p = 0.005), suggesting that Qwen may rely less on in-context
learning. Additionally, larger models tend to achieve higher
accuracy (model size β = 0.0018, p = 0.003), but their
benefit from additional examples is reduced, as shown by the
negative interaction between example count and model size
(example count:model size β = −8.7e − 05, p = 0.002).
However, the effect size for this interaction is very small, sug-
gesting that while significant, this interaction may not have a
meaningful impact in practical settings. The overall model ex-
plained a modest portion of the variance (R2 = 0.134), this
suggests that these factors influence accuracy but there are other
factors explaining the full accuracy.

The findings presented in this study are based on the scor-
ing framework of the MINI-KID scale [28], which assesses cur-
rent suicide risk as at risk or no risk. This classification reflects
participants’ immediate responses to the MINI-KID assessment
and should not be interpreted as a prediction of future suicidal
behavior. Although the MINI-KID suicide module is widely
recognized as a gold standard for assessing current suicide risk
among adolescents, it has limitations. It relies heavily on self-
reported data, which may lead to underreporting or misinterpre-
tation of symptoms, and its fixed set of items may not fully cap-
ture the complex and dynamic nature of suicidal ideation and
behavior. Accordingly, the results reported herein are strictly
confined to the context of this assessment.

5. Conclusions
Our work on the SW1 demonstrated the effectiveness of LLM-
based approaches for suicide risk detection despite speech
anonymization constraints. By leveraging in-context learning
with DSPy, our system achieved competitive results using only
speech transcripts data, securing third place in the challenge.
Statistical analysis confirmed that increasing example count sig-
nificantly improves classification accuracy, though this effect
varies across model types and sizes. In future work, we aim to
examine CoT reasoning paths more deeply to extract linguis-
tic patterns used in accurate predictions. This analysis could
provide valuable insights to mental health practitioners by re-
vealing data-driven indicators of suicide risk in adolescents. By
making these linguistic patterns interpretable to clinicians, our
approach could bridge the gap between computational methods
and practical clinical applications, potentially enhancing early
intervention strategies for at-risk adolescents.
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ski, F. Eustache, J. Dayan, and S. Mesmoudi, “Interdisciplinary
approach to identify language markers for post-traumatic stress
disorder using machine learning and deep learning,” Scientific re-
ports, 2024.

[27] J. Kim, K. G. Leonte, M. L. Chen, J. B. Torous, E. Linos, A. Pinto,
and C. I. Rodriguez, “Large language models outperform men-
tal and medical health care professionals in identifying obsessive-
compulsive disorder,” NPJ Digital Medicine, 2024.

[28] D. V. Sheehan, K. H. Sheehan, R. D. Shytle, J. Janavs, Y. Bannon,
J. E. Rogers, K. M. Milo, S. L. Stock, and B. Wilkinson, “Reli-
ability and validity of the mini international neuropsychiatric in-
terview for children and adolescents (mini-kid),” The Journal of
clinical psychiatry, vol. 71, no. 3, p. 17393, 2010.
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