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Accurate psychiatric diagnosis and assessment are crucial for effective treatment. However, current
diagnostic approaches heavily rely on subjective observations constrained by time and clinical
resources. This study investigates the potential of using Large LanguageModels (LLMs) to identify the
symptoms in psychiatrist-patient dialogues and use them as intermediate features to predict the
diagnostic labels. We collected audio recordings of 1160 outpatients with depressive disorder and
anxiety disorder. LLMswere trained andutilized to identify clinical symptoms, rate assessment scales,
and an ensemble learning pipelinewas designed to classify diagnostic results and symptomswith 10-
fold cross-validation. The system achieved 86.9% accuracy for identifying the appearance of clinical
annotations and 74.7% (77.2%) accuracy for identifying symptoms of anxiety (depression). In
addition, analysis of LLM-generated features shows that depression cases exhibited prominent
markers of anhedonia and decreased volition, whereas anxiety disorders were characterized by
tension and an inability to relax.

Depression and anxiety disorders represent two of the most prevalent
mental health conditions globally. Globally, it is estimated that over 300
million people suffer from major depressive disorders, which is equiva-
lent to 4.4% of the world’s population. A similar number of people suffer
from anxiety disorders, often with co-occurring depression1. The emer-
ging field of digital phenotyping, which involves the nuanced quantifi-
cation of human phenotypic expression at the individual level through
digital device data, offers a quantitative approach to longitudinal
observation2.

The emergingfield of digital phenotyping, characterized by continuous
and nuanced quantification of human phenotypic expression at the indi-
vidual level by leveraging digital device data, provides a quantitative
approach for longitudinal observation2.Researchershavedemonstrated that
social signals (e.g., linguistics, speech, etc.) play a crucial role in the diagnosis
and assessment of patients with depression and anxiety3,4. In particular, the
content of a patient’s speech provides rich information about their mental
state, cognitive patterns, and emotional experiences5,6. The linguistic

features, topic choices, andnarrative structures employedby individuals can
offer valuable insights into their psychological well-being6.

Recent advances in NLP, particularly in LLMs such as GPT7, Gemini8,
and Qwen9, demonstrate diverse capabilities in clinical reasoning, social
media analysis, and psychiatric education10, which could potentially provide
objective, data-driven insights in psychiatry. Moreover, LLMs are able to
process, generate, and respond to natural language inputs, which fit natu-
rally into theNIMH’s ResearchDomainCriteria (RDoC) framework,which
suggests new ways of classifying mental disorders based on dimensions of
observable behaviors11. In recent psychiatric studies, these LLMs excel at
understanding and generating complex linguistic patterns with human-like
performance, making them widely explored for social media content
analysis12,13, treatment performance enhancement14–16, chat counselor17,18,
and supporting clinical decision-making19,20 from an evidence-based prac-
tice perspective. Although LLMs demonstrate linguistic understanding and
generation, they remain relatively scarce in producing objective digital
biomarkers in psychiatry21. Studies have shown that the speech of patients
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with depression and anxiety contains distinctive quantitative verbal and
nonverbal digital markers compared to healthy controls4,6, but these char-
acteristics often remain too subtle for humans to perceive actionable
insights, making their practical application and improvement challenging22.
LLM is able to generate diagnostic results and provide reasoning steps,
benefiting from a large amount of pre-training data. However, the inter-
pretation and alignment of answers or decisions generated by LLM remain
challenging23. Moreover, most studies on depression and anxiety rely pri-
marily on two data sources: socialmedia and structured clinical reports, and
are often constrained by limited data availability3. Distinguishing between
depression and anxiety in clinical settings remains challenging due to the
overlap of symptoms and the high comorbidity rate, with limited research
on the discovery of objective biomarkers for both conditions21. In addition,
during clinical interviews, psychiatrists translate patients’ informal symp-
tom descriptions into professional diagnostic terminology; however, there
remains a lack of approaches to automatically and effectively bridge this
“semantic gap" between patients and clinicians.

To address these gaps in existing research, we collected a compre-
hensive dataset of psychiatric interviews at the Shanghai Mental Health
Center (SMHC) inChina, comprising over 15,000min of speech recordings
from 1160 individual outpatients with 25 different diagnoses. These
recordings, primarily featuring patients diagnosed with depression and
anxiety disorders, were collected in unstructured real-world environments
to ensure ecological validity. To mimic the characteristics of clinical diag-
nosis, we designed a corpus of clinical indicators that incorporates diag-
nostic criteria,main complaints,mental status evaluations, and components
from assessment scales using the ElectronicMedical Records (EMRs) in the
SMHC and widely-used assessment scales. Subsequently, we employed the
pre-trained LLM to indicate the appearance of a corpus of clinical-related
symptoms, rate the components of several assessment scales, and further
fine-tuned the LLM with clinical annotations from professional psychia-
trists to enhance its understanding of clinical-related concepts. In parallel,
we extracted linguistic usage patterns and acoustic features to broaden the
spectrum of biomarkers. Through the fusion of these modalities, we con-
structed an ensemble machine-learning pipeline capable of predicting both
outpatient diagnostic groups and symptoms with moderately high accura-
cies. Moreover, we conducted an in-depth analysis of salient patterns
between different diagnostic groups to enhance clinical interpretability.Our
results demonstrate that objective cues extracted by the LLM, combined
with other behavioral markers, can serve as valuable features for differ-
entiating diagnostic groups and identifying symptomdisclosure, potentially
enhancing both the efficiency and effectiveness of psychiatric diagnosis and
assessment in clinical practice.

Methods
This study collected the audio recording of 1160 participants between
August 2023and January2024, in collaborationwith the SMHC.Theoverall
pipeline is shown in Fig. 1. Data collection was conducted using the Sci-
entific Speech Transcription PenM1 (Iflytek Co., Ltd.) with a sampling rate
of 44100Hz. Firstly, the protocol involved three primary stages: pre-
processing of audio samples, anonymization of personally identifiable
information, and subsequent transcription via automated speech recogni-
tion systems followed by meticulous manual verification to ensure tran-
scriptional accuracy. Secondly, we collaborated with professional
psychiatrists to design a set of clinical entities and leveraged the LLM to
identify these concepts using the transcripts as input, enhancing the LLM
based on the psychiatrists’ annotations through supervised fine-tuning
(SFT). Linguistic and acoustic features were extracted from both the tran-
scripts and the speech. Finally, we utilized different modalities to train an
ensemble machine learning pipeline to differentiate diagnostic groups and
the major symptoms.

Participants
The study sample comprised outpatients from the SMHC who attended
clinical diagnostic interviews. Participantswere aged 12 to 80 years andwere

fluent in Mandarin. Informed consent to participate in the study was
obtained from all participants or their legal guardians, as appropriate. All
diagnoseswere establishedusing theChinese versionofWHOInternational
Classification of Diseases, Tenth Revision (ICD-10)24. The study protocol
was approved by the Ethics Committee of the SMHC institutional review
board (IRB) to ensure compliance with ethical research standards. Specifi-
cally, the recording setup consisted of a microphone placed between the
psychiatrist and the participant, connected to a computer. At the beginning
of each interview, participants were asked to read a standardized 30-second
text passage, followed by the standard diagnostic procedure. All clinical
information was documented in the EMR system by the psychiatrists. To
protect the privacyof participants, all audio recordings and associatedmeta-
information underwent a thorough manual de-identification process.

Feature extraction
We extracted a comprehensive clinical entity set to cover the intermediate
features that assist psychiatrists in the diagnosis and assessment process:
clinical observations and standardized assessment scales, which we desig-
nate as clinical-related and assessment-related feature sets. A clinical entity,
in the context of our pipeline, is a structured representation of a psychiatric
symptom or construct, developed from both clinical observations and
standardized assessment scales. It encompasses key terms, expressions, and
severity indicators related to specific diagnostic features, and serves as a
unified unit for symptom detection and classification in our system. As
compensation,wemeasured the linguistic usage and acoustic characteristics
and form as individual feature sets. In the following paragraphs, we will
introduce how we build and extract these feature sets in detail.

The clinical-related feature set encompasses essential depression and
anxiety indicators extracted from EMRs with comprehensive descriptions
(shown inSupplementaryTable 1). This feature setwas developed througha
collaborative approach involving both psychiatrists and LLM analysis.
Firstly, the process began with extracting 218 clinical entities from three
sections in the EMR system: chief complaint, personal medical history, and
psychiatric examination. These entities represent predefined features within
the documentation framework of the SMHC EMR system based on psy-
chiatric diagnostic systems, textbooks, and experts’ opinions. Then, we
included a supplementary of 44 additional symptoms identified through
clinical expertise anddiagnostic criteria (e.g.,DSM-5and ICD-10) suggested
by psychiatrists. We then utilized the Gemini 1.5 Pro8 to generate descrip-
tions for all clinical entities, using the Chinese version of the DSM-5
guidance25 as a reference, leveraging the model’s strong extended context
window capability. Through iterative psychiatric review, redundant and
irrelevant items specific to depression and anxietywere eliminated, resulting
in a refined set of 138 validated clinical-related features.

After rigorously defining the clinical-related features, we leveraged
large language models to extract symptom information from diagnostic
conversations. We employed Qwen2-72B-Instruct26 as our foundational
model due to its advanced Chinese language processing capabilities and
suitability for offline deployment within secure hospital environments. To
enhance domain-specific performance, we implemented SFT using psy-
chiatrists’ annotations from electronic medical records EMRs. This
approach adapted the base model to better recognize specialized medical
terminology and clinical reasoning patterns specific to psychiatric assess-
ment contexts. The fine-tuning methodology treated symptom identifica-
tion as an autoregressive task, where the model learns to predict token
probabilities based on previous context, ultimately generating binary
judgments (“yes” or “no”) regarding specific symptom presence. The
training data comprised individual samples where dialogue content, patient
demographics (age, gender), and symptom categories were incorporated
into prompt templates alongside corresponding symptomoccurrence labels
extracted from EMRs. For each clinical conversation, we systematically
extracted all documented symptoms to create comprehensive training
instances. The fine-tuning implementation utilized LLaMA-Factory
(https://github.com/hiyouga/LLaMA-Factory), while inference processes
were facilitated through vLLM (https://github.com/vllm-project/vllm). All
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computational procedures were executed on a high-performance comput-
ing infrastructure consisting of four A100 GPUs. Table 1 presents the
prompt architecture used both for clinical feature generation and model
fine-tuning (Supplementary Table 4 for the Chinese version),

demonstrating our structured approach to symptom extraction within
extended clinical dialogues.

We first began with structuring EMR data to create reliable training
labels for the SFT. Since EMRs contain unstructured text fields where

Fig. 1 | Diagram of the analysis pipeline. The audio recordings were collected
during the diagnosis interview for outpatients.We extracted four types of feature sets
from the recordings, two of which utilized LLM. These feature sets were utilized to

classify different groups of participants andpredict the appearance of depression and
anxiety symptoms.
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psychiatrists document patient information, we employed the LLM to
analyze these 1160 EMRs. For each EMR, we leveraged LLM to evaluate the
presence of above mentioned 138 predefined clinical features, including
similar expressions and synonyms, generating a boolean value list (yes/no)
for each record. The prompt for querying the LLM to generate labels from
EMRs is shown in Supplementary Table 3 (Supplementary Table 6 for the
Chinese version).

Secondly, we implemented a rigorous filtering process for choosing
high-quality data for SFT. We first leverage LLM to verify whether the
information recorded in EMRs was adequately reflected in the interview
dialogue transcripts, yielding 877 valid examples. Then, we collaborated
with specialist psychiatrists to establish comprehensive evaluation criteria,
encompassing five standards for psychiatric examination, one for chief
complaints, and five for present illness history assessment. By using these
criteria as the prompt (shown in Supplementary Table 3), we employed the
LLM to evaluate each case and select the top 60% (527 examples) as high-
quality cases based on the total score. From these high-quality cases, we
allocated 477 cases for the SFT and 50 cases for the high-quality test set. The
50 high-quality test cases and 633 lower-quality cases are combined as a
completed test set to evaluate the accuracy of clinical-related feature
extraction.

Subsequently, we fine-tuned the Qwen2-72B-Instruct model with
Low-Rank Adaptation (LoRA)27. The LLM SFT involves training a pre-
trained model on datasets with explicit input-output pairs to optimize the
model’s performance on specific downstream tasks. LoRA is a parameter-
efficient fine-tuning technique that adds small, trainable rank decomposi-
tion matrices to the LLM’s existing weights, allowing for efficient model
adaptationwhile keepingmost of the originalmodel parameters frozen. The
model was trained using the following hyperparameters: LoRA rank of 8,
LoRAalpha of 16, batch size of 8, and an initial learning rate of 1e-4 for 7000
steps. During inference using the vLLM framework, we restricted the
model’s output to a single token “Yes" or “No" as the binary output, whilewe
also extracted the probability output for these two tokens from the whole
vocabulary. After normalization of the probabilities, along with the binary
outputs, we formed 276 features in the clinical-related feature set.

The assessment-related feature set incorporates data from six validated
psychiatric rating scales, combining self-rating andpeer-rating instruments.
Self-rating scales include SCL-9028, SDS29, and SAS30, while peer-rating
scales compriseHAMD31,HAMA32, andMADRS33, totaling 177 items in all.
These scales were selected for their proven reliability in clinical practice and
research, offering comprehensive symptom coverage.

We designed two meta-prompts to enable the LLM to mimic both
psychiatrists and patients in rating assessment scales in a zero-shotmanner,
as illustrated in Supplementary Table 2 and (Supplementary Table 5 for the
Chinese version). The scales’ content and rating guidelines were integrated
into the prompts for LLM to generate the features. For instance, when

extracting features related to the first item of the HAMD, which measures
depressedmood,weuse thepeer-ratingmeta-prompt to instruct theLLMto
evaluate the severity of the patient’s depressedmoodon a 0–4 scale based on
age, gender, and conversation content, where 0 indicates the absence of
depression and 4 represents severe depression.When the conversation lacks
sufficient information about the depressed mood, the LLM is prompted to
return “NULL". Similar to the clinical-related feature extraction, we
extracted and normalized the logits of related tokens from the last layer of
LLM and served as the features for classification and prediction tasks,
resulting in a total of 1199 features.Wedidnot SFT theLLMfor assessment-
related feature extraction, since we do not have sufficient assessment scale
labels.

In addition to the features generated by LLM, we extracted verbal
features through twobag-of-words approaches: LIWC34 andTF-IDF35, both
ofwhichmeasure the frequencyofwordoccurrencewithin adocument.The
LIWCtool is specifically designed to provide rich insights into psychological
states, including emotions, thinking styles, and social concerns. Notably,
since our transcripts are in Mandarin, we used the Simplified Chinese
version of LIWC36. It comprises word counts for 63 categories, including 52
categories related to linguistic counts (e.g., function words, common verbs,
numbers, etc.), psychological processes (e.g., affect, sociality, cognition,
perception, drive, etc.), and personal concern (e.g., work, home, religion,
etc.), as well as 7 emotional categories (e.g., happy, sad, fear, etc.) and 4
general text metrics (e.g., the number of unique words, words in LIWC
dictionary, etc.). We normalized the LIWC category counts by the total
number of words.

The TF-IDF algorithm, which stands for Term Frequency-Inverse
Document Frequency, is a popular technique used in text analysis to
determine the importance of words within a document or collection of
documents. Unlike simple word counting, TF-IDF considers both how
often a word appears in a specific document and how common or rare that
word is across all documents. This approach helps identify words that are
particularly characteristic or important to specific documents. In this study,
TF-IDF was applied alongside LIWC to provide a more comprehensive
analysis of the verbal features in the documents, offering insights into both
the frequency and relevance of words used by the subjects.We applied Jieba
(https://github.com/fxsjy/jieba) for Chinese character segmentation,
resulting in a total of 27,000 features.

In addition to examining the verbal aspects of participants’ speech, we
preprocessed the audio and extracted low-level acoustic and prosodic fea-
tures using the OpenSMILE toolkits37. The audio recordings weremanually
edited to obscure names, addresses, and personally identifiable information
before analysis. To reduce the impact of environmental noise and the
varying distance from the microphone to the participant on recording
quality, we used the pyAudacity toolkit (https://github.com/asweigart/
pyaudacity) and the FFmpeg-normalized toolkit (https://github.com/slhck/

Table 1 | Prompt template for clinical-related feature generation

The content within the curly braces is the demographic, symptom descriptions, and dialogue information that form the prompt.
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ffmpeg-normalize) to reduce the noise with a parameter of 12 dB and
normalize the volume to −23 dB respectively. OpenSMILE is a versatile,
customizable suite of acoustic features for signal processing and machine
learning applications. We utilized OpenSMILE’s emobase_live4 config-
uration to extract the following LLDs (Low-Level Descriptors): intensity,
loudness, 12 MFCCs, pitch (F0), voicing probability (VoiceProb), F0
envelope (F0env), 8 line spectral frequencies (LSF), and Zero-Crossing Rate
(ZCR). Next, we applied various functions to these LLDs and their delta
coefficients, including minimum and maximum values with their relative
positions (minPos andmaxPos), range, mean, linear regression coefficients
(linregc1-2), linear and quadratic error, standard deviation (STD), skew-
ness, kurtosis, quartile values (quartile1-3), and interquartile ranges (iqr1-2,
iqr2-3, iqr1-3). This process yielded 988 features to represent each speech
utterance. Before LLD computation, pauses and silences were eliminated
from the speech to create a continuous signal. We then extracted 988
emotion-based prosodic features using a 100 ms sliding window over the
entire speech sample. Lastly, we calculated these emotion-based features’
maximum, minimum, mean, and standard deviation to compose the final
set of OpenSMILE features, totaling 3952 features.

Classification method
As explained in previous sections, we extracted five feature sets using LLM
and existing toolkits: clinical-related, assessment-related, LIWC, TF-IDF,
and OpenSMILE features. Subsequently, we built a machine learning
pipeline to fuse the outputs from multiple feature sets to predict the
appearance of the symptom and classify diagnostic groups, which was
implemented using Scikit-learn 1.2.0 in Python 3.10. Notably, as detailed in
explaining the clinical feature extraction, we fine-tuned the LLM using 138
high-quality clinical annotations to improve its ability to identify clinical
concepts. We excluded diagnostic labels from this process to prevent data
leakage.

To ensure robust validation,we employed 10-fold cross-validation (10-
fold CV). This method involves dividing the data into 10 subsets, iteratively
training the model on 9 subsets, and testing it on the remaining subset. The
process is repeated 10 times,with each subset serving as the test set once, and
the model’s performance is averaged across all iterations. We implemented
the random forest classifier for all feature sets as it constantly achieved better
performance than other types of classifiers. To address the challenge of class
imbalance, we applied the Synthetic Minority Oversampling Technique
(SMOTE)38, which generates synthetic data for minority classes. Further-
more, we performed z-score standardization on all features, resulting in
standardized features with a mean of 0 and a standard deviation of 1. This
step ensures that all features are ona comparable scale, preventing any single
feature from dominating the analysis due to its magnitude.

We also implemented probability calibration to standardize predic-
tions from each feature set. This process involved an internal CV on the
training set of the outerCV to obtain the probability distribution on training
data,whichwere thenused to calibrate test set predictions6.Moreover, based
on the feature importance ranked by the classifier on training data, we
filtered out features whose importance values fell below the mean to reduce
unimportant features. For the final prediction, we employed a late fusion
technique, a multi-modal machine learning approach that involved aver-
aging the standardized prediction outputs from all feature sets to produce
the final output. This method allows for the integration of diverse infor-
mation sources while maintaining the integrity of each feature set’s con-
tribution to the final prediction.

Performance metrics
To evaluate the performance of the LLM in extracting clinical features from
interview dialogues, we employed standard information extractionmetrics:
precision and recall. Precision measures the proportion of correctly iden-
tified symptoms among all symptoms extracted by the LLM, while recall
measures the proportion of symptoms correctly extracted from the EMR
annotations. Given that psychiatrists may not document every symptom
mentioned during interviews in the EMRs, recall serves as a particularly

valuable metric in our evaluation framework. Precision and recall are cal-
culated as follows: Precision = TP/(TP+ FP); Recall = TP/(TP+ FN),
where TP (True Positives) represents symptoms correctly identified by both
the LLM, FP (False Positives) represents symptoms incorrectly extracted by
the LLM, and FN (False Negatives) represents symptoms present in the
EMR but missed by the LLM.

For classificationandprediction tasks,weutilize a comprehensive set of
standard metrics. Our analysis primarily focuses on balanced accuracy
(BAC), which is particularly effective for imbalanced datasets by averaging
sensitivity (SEN) and specificity (SPE). This metric provides a robust
measure of overall performance, accounting for both true positive and true
negative rates. In addition to BAC, we also employedAUPRC andweighted
F1 score offering valuable insights into model performance across various
classification thresholds, which are well-suited for machine learning tasks
involving imbalanced data.

Understanding the key distinguishing features among various mental
health conditions is crucial for improving diagnostic accuracy, developing
targeted interventions, and enhancing our overall comprehension of these
disorders. To address this critical need, we employed a comprehensive
approach to identify the most important features distinguishing between
different mental health conditions. We utilized various feature sets,
including LLM-generated clinical and assessment-related features, LIWC
categories, and TF-IDF terms, and applied the Mann-Whitney U test with
FDR correction across all feature sets to calculate p-values and measure
feature importance. Features are ranked by their p-values, with those below
0.05 indicating a statistically significant difference between the two groups.

Baseline experiment setup
Excepted the LIWC and TF-IDF, we incorporated both traditional
transformer-based language models and LLM-based methods as the base-
lines for mental health dialogue classification. We established a compre-
hensive methodological framework encompassing three distinct
classification paradigms: pre-trained language models, zero-shot LLM
classification, SFT LLM classification, and our proposed pipeline.

We implemented two established pre-trained language models as
baseline classifiers: BERT (Bidirectional Encoder Representations from
Transformers)39 and RoBERTa (Robustly Optimized BERT Pretraining)40.
We utilized the “bert-base-chinese" model39, which consists of 12 trans-
former layers with 768 hidden dimensions and 12 attention heads, totaling
approximately 110 million parameters. BERT’s bidirectional contextual
representations enable effective capture of semantic nuances within clinical
dialogues. For RoBERTa, we employed the “chinese-roberta-wwm-ext-
large" variant41, featuring 24 transformer layers, 1024 hidden dimensions,
and 16 attention heads (approximately 325million parameters). Thismodel
incorporates the whole word masking technique specifically optimized for
Chinese language understanding. RoBERTa’s enhanced training metho-
dology and larger parameter space potentially offer improved representa-
tion capabilities for complex clinical narratives. Both BERT and RoBERTa
were fine-tuned on the ANX vs. DP classification task using addition ran-
dom initialed linear layer with softmax.

For the LLM-based baseline method, we implemented both zero-shot
and SFT manner. (1) Zero-shot Classification: We implemented direct
classification using Qwen2.5-72B-Instruct through carefully designed
prompts (as shown in Supplementary Table 7) that incorporated dialogue
content and diagnostic ground truth. The model was constrained to output
binary classifications (depression/anxiety), with token probabilities extrac-
ted to calculate performancemetrics. (2) SFT:We augmented the zero-shot
approach through parameter-efficient fine-tuning using LoRA.

All methodologies underwent rigorous evaluation using consistent
data partitioning and performance metrics. We implemented stratified
sampling to allocate 60% of samples for training, 20% for validation, and
20% for testing across both depression and anxiety classes. Hyperparameter
optimization was conducted using the validation set, while final perfor-
mance evaluation utilized the held-out test set exclusively. Specifically,
models exhibiting the lowest validation loss during the trainingprocesswere
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preserved and subsequently employed for final performance evaluation on
the held-out test set. This ensured methodological consistency and facili-
tated direct comparative analysis of classification paradigms.

Results
Sample
The study included 1160 individuals, yielding about 15,000 minutes of
speech data. All participants received diagnoses based on the ICD-1024. The
sample comprised 553 participants diagnosed with “Depressive Episode" or
“Depressive Disorder" (DP), 426 diagnosed with “Anxiety Disorder" or
“Anxiety State" (ANX), and 181 classified as “Others" (patients not diag-
nosedwithDPorANX).Table 2presents thedemographic characteristics of
the participants. Moreover, based on the clinical annotations of symptom
episodes in the EMRs, we categorized the participants into four groups:
patients who experienced/presented anxiety symptoms (A), participants
who experienced/presented depressive symptoms (D), participants who
experienced/presented mixed depressive and anxiety symptoms (M), and
participants without experienced/presented depressive and anxiety symp-
toms (N).

LLM-generated clinical-related features evaluation
We evaluated the performance of LLM-generated clinical symptoms on the
entire test samples and those with high-quality EMR, as shown in Table 3.
Our evaluation of LLM-based clinical symptom extraction demonstrated a
significant performance improvement after the SFT, with the accuracy
increased from 81.2 to 86.9% on the test set and 83.7 to 89.1% on the high-
quality test set (p < 0.01 in McNemar’s test). The recall metric showed
substantial improvements, increasing from 66.1 to 81.1% on the whole test
set and from 74.0 to 86.1% on the high-quality test set, indicating enhanced
capability in identifying symptoms documented by psychiatrists in the

EMR.Meanwhile, precision improved from81.2 to 87.4%on the test set and
from 84.2 to 89.5% on the high-quality test set. This precision increase,
coupled with recall improvement, suggests that the fine-tuned model
became more comprehensive in detecting symptoms from clinical
dialogues.

We present a comparative analysis of classification performance using
clinical-related features extracted by the LLM in Fig. 2, comparing three
feature sets: features extracted in a zero-shot manner, features extracted
from the fine-tuned LLM, and psychiatrists’ annotations derived from
EMRs. Across all classification tasks, features from the fine-tuned LLM
consistently demonstrate superior performance. For instance, in distin-
guishingbetweendepression andanxiety diagnoses (Avs.D), thefine-tuned
LLM achieves a BAC of 74.8%. In identifying depression (D vs. N) and
anxiety symptoms (Avs.N), theBACreaches 79.8%and72.2% respectively.
These results underscore the potential of fine-tuned LLMs for accurate and
automated clinical manifestation extraction.

Classification of diagnostic groups
The results of automated classification tasks for distinguishing between
ANX, DP, and Others groups (not diagnosed with ANX or DP) using
various linguistic and LLM-generated features are shown in Table 4. For the
binary classification task (ANXvs.DP), themodel achieved aBACof 75.5%,
an F1 score of 0.762, and an AUPRC of 0.824, indicating good overall
performance (permutation test p < 0.01, same for other tasks). In the three-
wayclassification task (ANXvs.DPvs.Other), themodel’sperformancewas
achieved with a BAC of 65.6% and an F1 score of 0.656, presenting a
significant gain compared to the majority baseline (47.7%).

Prediction of depression and anxiety symptoms
In addition to identifying diagnostic results by ICD-10 code, we predicted
whether participants exhibited symptoms of depression, anxiety, mixed
depression/anxiety, or no symptoms at all, as shown in Table 5. In the
anxiety vs. no anxiety (A vs. N) classification task, the model achieved a
sensitivity of 0.683 and specificity of 0.810 for detecting anxiety, with an
overall F1 score of 0.754 and BAC of 74.7%. For the depression vs. no
depression (D vs. N) task, the model performed slightly better, with a sen-
sitivity of 0.806 and specificity of 0.737 for detecting depression, resulting in
an F1 score of 0.783 and a BAC of 77.2%. When distinguishing between
anxiety, depression, mixed symptoms, and no depression and anxiety
symptoms (Avs.Dvs.Mvs.N),we achieved anAUPRCof 0.606 and aBAC
of 60.7%, which achieved a significant improvement of about 30% com-
pared to the majority baseline.

Interpretability
The analysis revealed distinctive patterns across different mental health
conditions and feature sets (Table 6). In differentiating ANX from DP,
clinical-related features emphasized anxiety-specific symptoms such as
“Unable to relax", “Uncontrollable restlessness", and “Anxiety", contrasting
with depressive symptoms like “Sadness" and “Anhedonia". Assessment
measures showed a mixed profile, with both anxiety indicators (HAMD_-
Somatic anxiety) and depression markers (HAMD_Depressed mood).
LIWCanalysis revealed heighteneduse of anxiety and fear-related language,
and TF-IDF identified anxiety-related terms. For depression detection,
clinical-related features highlighted core depressive symptoms, with
“Depressed mood", “Loss of interest", and “Anhedonia" emerging as pri-
mary indicators of depression. The assessment-related features showed

Table 2 | Demographics of all participants

DP (N = 553) ANX (N = 426) Others (N = 181)

Age 29.2 ± 10.0 34.0 ± 12.0 27.5 ± 11.1

Gender

Female 377 (68.2%) 288 (67.6%) 104 (57.5%)

Male 176 (31.8%) 138 (32.4%) 77 (42.5%)

Occupation

Employed 266 (48.1%) 250 (58.7%) 74 (40.9%)

Student 201 (36.3%) 98 (23.0%) 81 (44.8%)

Unemployed 46 (8.3%) 44 (10.3%) 14 (7.7%)

Unknown 23 (4.2%) 15 (3.5%) 7 (3.9%)

Retired 9 (1.6%) 19 (4.5%) 4 (2.2%)

Dropped out 8 (1.4%) NaN 1 (0.6%)

Personality

Introvert 274 (49.5%) 198 (46.5%) 106 (58.6%)

Extrovert 148 (26.8%) 114 (26.8%) 34 (18.8%)

Gentle 46 (8.3%) 38 (8.9%) 13 (7.2%)

Sensitive 29 (5.2%) 22 (5.2%) 4 (2.2%)

Strong welling 12 (2.2%) 14 (3.3%) 8 (4.4%)

Others 44 (8.0%) 40 (9.4%) 16 (8.8%)

Table 3 | Performance comparison of LLM-generated clinical-related features between Zero-shot and SFT approaches

Test set High-quality test set

Precision Recall Accuracy Precision Recall Accuracy

Zero-shot 81.2% 66.1% 81.2% 84.2% 74.0% 83.7%

the SFT 87.4% 81.1% 86.9% 89.5% 86.1% 89.1%
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strong signals from SCL-90 scales, particularly in items related to feelings of
sadness and loss of interest. LIWC analysis identified significant usage
patterns in sadness-related words and negative emotions, while TF-IDF
analysis captured depression-specific terms and notably, negation patterns
(e.g., “Don’t want", “No", etc.). For anxiety identification, clinical-related
features strongly centered on anxiety manifestations, such as “Unable to
relax", “Anxiety", and “Worry." The assessment-related features promi-
nently featured inner tension and somatic anxiety, along with various SCL-

90 anxiety-related items. Both LIWC and TF-IDF analyses consistently
identified anxiety-specific language patterns, with LIWCshowing “Anxiety"
and “Fear" as top features, andTF-IDFhighlighting terms related tophysical
symptoms (e.g., “Palpitations", “Heartbeat", etc.) and worry.

Baseline experiment results
We conducted a systematic investigation of diagnostic efficacy in clinical
dialogue classification utilizing multiple model architectures. The

Fig. 2 | Comparative analysis of classification performance using the clinical-
related features extracted by LLM in zero-shot, the SFT, and the annotations
from EMRs across different classification tasks. “ANX" represents Anxiety Dis-
order, “DP" represents depressionDisorder, “A" represents participants with anxiety

symptoms, “D" represents participants with depressive symptoms, “M" represents
participants with mixed anxiety and depressive symptoms, and “N" represents
participants without anxiety and depressive symptoms.

Table 4 | Results for classification of ANX, DP, and Others groups

Task Feature Set Confusion Matrix SEN SPE F1 AUPRC BAC MB

Predicted Class

A D

ANX vs. DP AssRel + CliRel + LIWC + TF-IDF A 294 132 0.690 0.819 0.762 0.824 0.755 0.565

D 100 453

A D O SEN SPE F1 AUPRC BAC MB

ANX vs. DP vs. Others AssRel + CliRel + LIWC + TF-IDF A 271 91 64 0.636 0.838 0.656 0.715 0.656 0.477

D 92 357 104

O 27 30 124

AssRel Assessment-related, CliRel Clinical-related, F1 F1-score, SEN Sensitivity, SPE Specificity, AUPRC Area under precision-recall curve, BAC Balanced Accuracy,MB Majority Baseline.

Table 5 | Results for classification of participants with depression (D), anxiety (A), mixed depression and anxiety (M), and no
depression and anxiety symptoms (N)

Task Features Confusion Matrix SEN SPE F1 AUPRC BAC MB

Predicted Class

A N

A vs. N AssRel + CliRel + LIWC + TF-IDF A 285 135 0.683 0.810 0.754 0.813 0.747 0.565

N 176 564

D N SEN SPE F1 AUPRC BAC MB

D vs. N AssRel + CliRel + LIWC + TF-IDF D 595 143 0.806 0.737 0.783 0.866 0.772 0.636

N 111 311

A D M N SEN SPE F1 AUPRC BAC MB

A vs. D vs. M vs. N AssRel + CliRel + LIWC + TF-IDF A 114 2 17 12 0.786 0.865 0.586 0.606 0.607 0.399

D 22 272 98 71

M 55 58 123 39

N 60 30 19 168

AssRel Assessment-related; CliRel Clinical-related, F1 F1-score, SEN Sensitivity, SPE Specificity, AUPRC Area under precision-recall curve, BAC Balanced Accuracy,MB Majority Baseline.
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conventional transformer models demonstrated variable performance:
BERT achieved modest results with 88.1% sensitivity but only 39.5% spe-
cificity and 64.3% F1 score, while RoBERTa exhibited superior sensitivity
(96.3%) but similarly limited specificity (37.2%). When examining LLM-
based approaches, Qwen2.5-72B-Instruct demonstrated substantial
improvements in balanced performance, achieving 75.0% balanced accu-
racy in zero-shot configuration and 76.7% after SFT. Our proposed meth-
odology, leveraging LLM-generated feature sets with ensemble random
forest classifiers, outperformed all other approaches across most metrics,
most notably achieving 79.1% balanced accuracy and 88.1% AUPRC,
demonstrating the efficacy of feature extraction over direct classification
when utilizing large language models for clinical diagnostic tasks.

Discussion
Inspired by promising early research on digital phenotypes for diagnosing
and classifying symptoms in psychiatric patients, we investigated using
signal processing and state-of-the-art LLM to capture symptom-related
expression cues in outpatient conversations. We developed an ensemble
classification pipeline to automatically differentiate between clinical diag-
nostic outcomes and the presence of symptoms.

Although recent studies have demonstrated promising capabilities of
utilizing LLMs in medical diagnosis42, applications in mental health have
predominantly centered on developing conversational agents43, while the
potential of extracting precise symptoms frompsychiatric conversations for
evidence-based diagnosis has not been fully explored. In this study, we
investigated the efficacy of LLM in detecting clinical and assessment-related
symptoms. Our investigation revealed that without any additional training,
the model achieved a recall rate of 77.3% on high-quality dialogue-case
pairs, and increased to 86.1% by fine-tuning the LLM using clinical anno-
tations. This aligns with recent observations regarding LLMs’ strong zero-
shot performance in healthcare domains and the fine-tuning could further
boost LLMperformance23. Furthermore, this enhancedbase capability led to
substantial improvements across all downstream classification and pre-
diction tasks (e.g., the classification accuracy for ANX and DP increased

from 72 to 75%). Current approaches to automated symptom detection
predominantly rely on traditional natural language processing methods
with predefined linguistic categories or rule-based systems6,44, which often
struggle to capture the complex presentation of psychiatric symptoms in
natural conversation. Some researchers have explored the use of LLMs to
assist in medical information retrieval45. We further investigated the
information extraction capabilities in clinical dialogues and enhanced them
through SFT.

Our study demonstrated moderate to high performance in anxiety
symptomdetection (BAC= 74.7%,AUPRC= 0.813), depression symptoms
detection (BAC = 77.2%, AUPRC= 0.866), and a four-class classification of
patients with anxiety/depression/mixed/none symptoms (BAC=60.7%,
AUPRC = 0.606). As shown in the summarization of existing literature
(Supplementary Table 8), while anxiety detection in social media text has
demonstrated promising results with high accuracy46, the performance of
similar methods on spoken language data, such as interview transcripts and
therapy dialogues, remains limited with accuracy rates below 65%. Recent
advances combining LLM embedding with acoustic features have shown
improved results, reaching 75% accuracy in a small cohort of 65 patients4;
however, in our experiments, incorporating acoustic features did not yield
improvements in overall classification performance as shown in Supple-
mentary Fig. 1. This might be attributed to the noisy hospital environment
and the limitations of our recording equipment, which resulted in sub-
optimal audio quality. While depression detection studies have reported
wide-ranging accuracy rates (65−95%), some results should be interpreted
with caution due to severalmethodological limitations: small sample sizes44,
reliance on PHQ screening tools rather than clinical diagnoses47, data col-
lection in structured experimental settings48, and not studied the first-
episode outpatients in real-world, unstructured clinical environments. Our
study leverages clinical diagnoses from psychiatrists of first-episode out-
patients in real-world clinical environments, achieving moderate to high
accuracy despite the inherent challenges and variability of unstructured,
naturalistic settings representing a significant advancement over controlled
laboratory conditions. This success particularly highlights the potential of

Table 6 | Top ten salient features for each feature set in paired classification tasks

Task Clinical-related Assessment-related LIWC TF-IDF

ANX vs. DP Sadness
Perturbed and uneasy
Unable to relax
Uncontrollable
-restlessness
Negativism
Anxiety
Anhedonia
Anxiety and unease
Negative ideation
Anhedonia

SCL-90_Feeling blue_2
SCL-90_Feeling no interest in things_2
HAMD_Depressed mood_4
HAMD_Somatic anxiety_3
MADRS_Inner tension_NULL
SCL-90_Thoughts of ending your life_1
SCL-90_Feeling future hopeless_1
MADRS_Suicidal ideation_0
HAMD_A sense of hopelessness_0
SCL-90_Never feeling close to others_1

Anxiety
Fear
Biological Processes
Death
Sad
Health
Body
Motion
Perfect tense
Anger

Anxiety
Ideas
Emotion
Palpitations
Anxious
Worried
Terrified
Heartbeat
Excited
Behavior

A vs. N Unable to relax
Anxiety
Uncontrollable
-restlessness
Anxiety and unease
Feeling of tension
Somatic anxiety
Excessive worrying
with anxious
Worry
Delusion of Guilt
Palpitations

MADRS_Inner tension_4
HAMD_Somatic anxiety_3
SCL-90_Feeling tense or keyed up_NULL
HAMD_Psychiatric anxiety_3
HAMA_Autonomic symptoms_2
SCL-90_Worrying too much about things_NULL
SCL-90_Nervousness or shakiness inside_NULL
SAS_Anxiety_NULL
HAMA_Cardiovascular symptoms_2
SCL-90_Feeling restless_NULL

Anxiety
Fear
Body
Biological Processes
Good Social
Perfect tense
Health
Motion
Death

Anxiety
Anxious
Palpitations
Worried
Ideas
Heartbeat
Anxiety disorders
Chest tightness
Behavior
Comfortable

D vs. N Feeling Down
Perturbed and Uneasy
Sadness
Loss of interests
Anhedonia
Negativism
Hypobulia
Low self-evaluation
Helplessness
Abulia

SCL-90_Feeling blue_NULL
SCL-90_Feeling no interest in things_NULL
SCL-90_Feeling hopeless about the future_NULL
SCL-90_Feeling everything is an effort_NULL
HAMD_Depressed mood_3
HAMD_Work and interests_3
SCL-90_Feeling low in energy
-or slowed down_NULL
SCL-90_Feelings of worthlessness_NULL
SDS_Depression_4
MADRS_Apparent sadness_0

Sad
Affect
Health
Death
Humans
Biological processes
Anger
Achievement
Negative emotion
Anxiety

No
Depression
Interests
Emotion
Yes
Obstacle
Don’t
Contrary
Ideas
Anger

All features in the table have p < 0.01.
For Assessment-related features, the feature nomenclature follows the format: Scale_Symptom-Name_Rating, where a ‘NULL’ rating indicates the absence of symptom in dialogue identified by LLM.
The bold feature name represents that the underlined class has a higher mean value.
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LLMs in extracting and analyzing clinical symptoms for predicting anxiety
and depression in outpatient populations, offering amore ecologically valid
and scalable solution for mental health screening and monitoring.

DPandANXpresent significant assessment challengesdue to their high
prevalence, frequent comorbidity, and overlapping symptomatology49. By
leveraging LLM-generated features, our approach achieved robust perfor-
mance indistinguishing these disorders,with aBACof 75.5%andAUPRCof
0.824 for binary classification between DP and ANX, and the performance
outperformed the directly usingLLMsas classifiers (seeTable 7). In themore
challenging multi-class scenario (ANX vs. DP vs. Others), the model
maintained reasonable performance with a BAC of 65.6% and AUPRC of
0.715. Prior approaches to differentiating depression and anxiety disorders,
such as cognitive tasks50 and structured questionnaires51, have achieved
accuracy rates of 70–80%. In addition, we tested the classification perfor-
mance of each assessment scale as the feature set, where the results are
presented in Supplementary Fig. 2. We observed that assessment-related
features, particularly fromscales like SCL-90,HAMD,andMADRS, showed
strong discriminatory power across all comparisons, and early fusion and
late fusion present similar classification performance. A potential reason is
that these scales contain sufficient depression-related symptoms, which are
key components for differentiating different groups. To our knowledge, no
studyhas explored theobjective diagnosis ofDPandANXusing speechdata
from clinical interviews, potentially due to a lack of data and inherent
subjectivity. Our study addresses a critical gap by analyzing the linguistic
and symptom-related markers in various participant groups, providing
objective cues to assist psychiatrists.

The feature analysis provides several key insights into the differential
characteristics of different groups of participants, as shown in Table 6. We
illustrate the distribution of clinical and assessment-related features for each
group of participants in Supplementary Figs. 3 and 4. The clinical-related
features demonstrate clear condition-specific patterns: features that show
more importance in patients with depression cluster aroundmood (sadness
and disappointment) and motivational disturbances (anhedonia, reduced
volition), while anxiety features predominantly reflect an inability to relax
and worry. The observation for depression is in line with previous studies
which also observed that patients with depression presented blunted facial
affect and increased sadness in language4,13 and anhedonia is specific to
depression52. For anxiety recognition, the consistency of findings across
different feature sets strengthens the reliability of these discriminators. For
instance, the prominence of somatic symptoms in anxiety, captured in both
assessment-related features and TF-IDF terms, suggests this could be a
robust marker. Similarly, the persistent appearance of mood-related terms
indepressionacrossmultiple feature sets reinforces their diagnostic utility. It
is worth noting that acoustic features extracted using OpenSmile were not
included in our feature importance analysis, as they did not demonstrate
statistical significance in discriminating between the participant groups.

Real-world implementation of this LLM pipeline demands careful
consideration of practical and clinical factors. Our approach, leveraging

LLMson conversational data toderive symptom insights and classifications,
underscores the need for stringent data privacy protocols and computa-
tionally capable infrastructure. Furthermore, the pipeline’s interpretability,
stemming from its focus on clinically relevant features, must be clearly
presented within EMR workflows to foster clinician trust. Beyond these
pipeline-specific needs, seamless integration and clinician training are cri-
tical for usability. Building trust also requires ongoing validation, perfor-
mance monitoring to detect model drift, and transparent ethical protocols,
including patient consent and equity audits, ensuring the tool responsibly
supports clinical decision-making.

Our study has several limitations that should be addressed in future
research. The absence of detailed symptom severity measures during the
experiment limits our ability to correlate speech patterns with specific
symptom intensities. Additionally, the study’s focus on specific disorders
and potential biases in data collection may affect the generalizability of the
results. Future work should prioritize the inclusion of comprehensive
symptom severity assessments and explore the application of this approach
to a broader range ofmental health conditions. Besides, in the future, wewill
collect more data to perform longitudinal analysis, as it could provide
insights into how linguistic patterns evolve with symptom progression or
treatment response. Furthermore, expanding the use of more advanced
LLMs in this context could potentially enhance the extraction of nuanced
clinical concepts and provide even more detailed, interpretable insights for
clinicians. Validating the model’s performance in diverse clinical settings
andwith larger,more diverse patient populationswill be crucial to ensure its
practical utility andgeneralizability.These advancements could significantly
contribute to improving the efficiency and objectivity of consultations for
depression, anxiety, and potentially other mental health disorders.

In summary, this study demonstrates the potential of using LLM to
analyze digital biomarkers in speech for automatic assistance in psychosis
diagnosis and assessment. Our model achieved promising accuracy in
identifying individuals with anxiety and depression symptoms, as well as
differentiating between DP and ANX groups. Using LLMs to extract
clinically relevant features and rate assessment scales improved the inter-
pretability of the results, offering a novel approach to bridging the gap
between automated analysis and clinical practice. While further research is
needed, our findings suggest that well-developed LLMs could potentially
serve as valuable tools in standardizing psychiatric evaluation and decision-
making.

Data availability
The researchdata cannot be publicly shared due to privacy concerns, but the
code and instructions for requesting local access to the data are available at
https://github.com/Shanda-Group-Ltd/SMHC_llm_psychiatry_study,
with qualified researchers able to apply for on-site data access through this
repository.
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