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Abstract
Automatic pathological speech detection approaches have
shown promising results, gaining attention as potential diag-
nostic tools alongside costly traditional methods. Recently,
it has been demonstrated that large language models (LLMs)
can be leveraged for downstream tasks through few-shot
in-context learning. In this paper, we investigate the use
of multimodal LLMs, specifically ChatGPT-4o, for auto-
matic pathological speech detection in a few-shot in-context
learning setting. Experimental results demonstrate that this
approach achieves competitive performance compared to
state-of-the-art methods. To further understand its effective-
ness, we conduct an ablation study to analyze the impact
of different factors, such as input type and system prompts,
on the final results. Our findings highlight the potential of
multimodal LLMs for further exploration and advancement
in automatic pathological speech detection.

1 Introduction
Pathological speech can result from neurological damage
caused by conditions such as Cerebral Palsy, Amyotrophic
Lateral Sclerosis, or Parkinson’s disease. These disorders
often lead to speech impairments such as dysarthria and
apraxia of speech, which can significantly affect communi-
cation [1, 2]. Traditionally, speech and language patholo-
gists conduct auditory-perceptual assessments to diagnose
these conditions in a clinical setting, which is both costly
and time-consuming. To reduce this burden on healthcare
systems, researchers are actively developing automated
methods for detecting pathological speech. Earlier ap-
proaches combined handcrafted acoustic features with tradi-
tional machine learning techniques [3–5]. With the remark-
able success of deep learning (DL) in various fields [6, 7],
efforts have increasingly shifted toward using DL-based
approaches for automatic pathological speech detection [8–
15].

With the rise of multimodal large language models
(LLMs), new research directions are emerging that ex-
tend beyond traditional DL approaches. While these mod-
els were originally designed for natural language process-
ing, they have been developed and extended for other do-
mains [16–18]. Among these multimodal LLMs, ChatGPT-
4o [19] stands out as one of the most advanced models,
demonstrating exceptional capabilities in understanding
and processing different modalities (such as text and vision)
among different applications [20, 21]. Moreover, the per-
formance of these models can be improved on downstream
tasks through few-shot in-context learning [22]. In few-shot
in context learning, the weights of the model remain un-
changed, but the model is prompted with a few examples
before being asked about the test query.

Given the promising in-context learning capabilities of
ChatGPT, in this paper, we investigate the performance of

the multimodal ChatGPT-4o for pathological speech detec-
tion in a few-shot in-context learning scenario. Ideally, one
should directly analyze raw speech inputs in the context of
pathological speech detection; however, GPT-4o does not
support direct audio input. While GPT-4o-audio-preview
supports direct audio input, its overall capabilities relative to
GPT-4o remain unclear, as it is a preview model. Therefore,
we focus on evaluating GPT-4o’s ability to process short-
time Fourier transform (STFT) magnitude spectrogram rep-
resentations for pathological speech detection, making it
the central objective of our paper. Nevertheless, to ensure
completeness, we also provide an ablation study assess-
ing the performance when using raw speech input and the
GPT-4o-audio-preview model.

Experiments on the Noise Reduced UA-Speech database
[23], which includes control and dysarthric speech from
Cerebral Palsy patients, show promising results. Specifi-
cally, ChatGPT-4o achieves competitive performance com-
pared to a state-of-the-art (SOTA) pathological speech de-
tection approach that also operates on magnitude STFT
spectrogram inputs [8, 24], despite having access to signifi-
cantly less labeled training data. Notably, while the SOTA
model is trained from scratch with more data [8, 24], it
lacks the broad knowledge and pretraining of ChatGPT-4o.
These findings highlight the potential of multimodal LLMs
for further exploration and advancement in automatic patho-
logical speech detection. To the best of our knowledge, this
work is the first to employ multimodal LLMs for patholog-
ical speech detection. The key contributions of this paper
are:

• We propose a method for utilizing multimodal LLMs in
automatic pathological speech detection.

• We evaluate our proposed method against a SOTA base-
line, demonstrating that it offers promising and compet-
itive performance.

• We conduct an ablation study to further analyze the
effect of different factors on the performance of the
proposed method.

2 Related Works
2.1 DL-based Automatic Pathological Speech

Detection
Traditionally, DL-based automatic pathological speech de-
tection approaches use time-frequency input representa-
tions such as STFT [8], Mel-frequency cepstral coefficients
[11, 12], or Mel spectrograms[10]. These representations
are then processed with architectures like convolutional neu-
ral networks (CNNs)[8], recurrent neural networks [13], or
autoencoders [10], to learn pathology-discriminant cues and
perform automatic pathological speech detection. More-
over, with the success of self-supervised foundation models



Multimodal
ChatGPT-4o

System Prompt
Assume that you are an AI agent trained to classify audio recordings into 2 different classes based on their log scale STFT representation (160 FFT bins, 16 kHz sampling rate)
characteristics. Please note that the y-axis represents the FFT bins, and the x-axis represents the time frames. In the next prompt, I will provide shot STFT samples from Class
A, and afterwards, I will provide shot STFT samples from Class B. Please note that the time duration of these samples is different, and hence, the width of their respective
STFT representations (proportional to the time duration) is different. Your job is to classify the test STFT representation into one of these two classes. At test time, I will pro-
vide 1 STFT representation, and you will return a score between 0 and 1 (0: Class A, 1: Class B) and explain why you made that decision.

Reference Examples
These are the STFT examples of Class A/B

Class A

Class B

Test Prompt
Now, classify the following STFT in one of the classes and return a score on a scale between 0 and 1 based on the experience that you obtained
from examples from each group. Please think comprehensively before giving me the answer. There is no rush, but the answer must be as precise
as possible. Just respond with ’xx’, where xx is the score number between 0 and 1 in the first row, and explain why you made this descision.

Test Sample

Prediction
Score: 0.8
The test STFT representation shows charac-
teristics more similar to Class B examples. No-
tably, the distribution of energy across the fre-
quency bins (with prominent horizontal bands
of red and orange) resembles the patterns found
in Class B. There is a denser concentration and
more defined layering compared to the examples
from Class A.

Figure 1: Schematic illustration of the proposed method. We set a system prompt that describes the classification task,
input representation, and the number of reference samples per class. Then, several samples from each class are provided to
the model, which is asked to classify the test sample based on them. In response, the model returns a classification score
and explains the reasoning behind its decision.

like wav2vec 2.0 [25] for several downstream tasks [26],
researchers have started leveraging embeddings obtained
from these models and combining them with classifiers such
as multi-layer perceptrons [24] for automatic pathological
speech detection [27]. Although wav2vec 2.0-based ap-
proaches generally outperform those using time-frequency
input representations, the CNN-based approach operating
on STFT magnitude spectrograms has also demonstrated a
strong performance [24].

2.2 Multimodal LLMs
Building on the strong performance of the Transformer
architecture [6] across various natural language processing
tasks, several studies have explored scaling training data
and network structures to train LLMs. The pretrained LLMs
could surpass SOTA models in downstream tasks for natural
language understanding [22, 28]. Following the remarkable
performance of LLMs, several models have been proposed
that can also process other modalities (e.g., images, audio)
in addition to text prompts [19, 29–31], enabling zero-shot
and few-shot learning. Among these multimodal LLMs,
GPT-4o [19] (also known as ChatGPT-4o) has achieved
SOTA performance on various multimodal benchmarks.
Consequently, we adopt this model for our study.

3 Proposed ChatGPT-4o-based
Approach

Fig. 1 provides a schematic illustration of the proposed
ChatGPT-4o-based approach for pathological speech detec-
tion. As depicted, the model is first provided with a system
prompt describing the classification task, input representa-
tion, and number of reference samples. We then present
the LLM with several reference samples (depending on the
number of shots used) from both control and pathological
speakers. Using this contextual knowledge, the model clas-
sifies a given test sample and generates an explanation for
its decision.

This approach enables a broad range of analyses, which
we explore in an ablation study. In Section 5, we evaluate
the performance by framing the task specified in the sys-

tem prompt as either a general audio classification task (cf.
Fig. 1 and Section 5.1) or a dysarthria classification task
(cf. Section 5.2). Additionally, we investigate the effect of
requesting both a classification score between 0 and 1 (0:
Controls, 1: Patients with Cerebral Palsy) along with an ex-
planation (cf. Fig. 1 and Section 5.1) versus requesting only
a classification score (cf. Section 5.3). Finally, we analyze
the influence of the input representation on performance by
evaluating the ChatGPT-4o-audio-preview model with raw
speech input (cf. Section 5.4).

4 Experimental Settings
4.1 Database
We use the Noise Reduced UA-Speech Dysarthria Dataset
[23]1, which is a denoised version of the UA-Speech [32]
dataset. The dataset includes recordings from 16 speakers
with Cerebral Palsy (4 females, 11 males) and 13 control
speakers (4 females, 9 males). Each speaker utters various
common words (CW), uncommon words (UW), commands
(C), letters (L), and digits (D). The recordings are acquired
using a 7-channel microphone array with a sampling fre-
quency of 44.1 kHz. Recordings are downsampled to 16
kHz. For the following experiments, we use recordings
from the arbitrarily selected 5-th channel.

Prior research [12] has shown that the UA-Speech dataset
exhibits significant differences between control and patho-
logical recordings due to variations in recording setups and
noise conditions. These differences are easier for DL-based
approaches to learn than pathology-discriminant cues [12],
yielding an unconventionally high accuracy of these ap-
proaches on this dataset. Although we use the denoised
version of the UA-Speech dataset, non-pathology-related
differences persist, as enhancement methods introduce dis-
tortions that depend on noise conditions. As a result, the
Noise Reduced UA-Speech dataset is also not optimal for
automatic pathological speech detection experiments. How-
ever, due to licensing restrictions, it is, to our knowledge,
the only dataset we can redistribute to third parties (i.e.,

1Under Attribution-NonCommercial 4.0 International (CC BY-NC 4.0)
license.



Table 1: Speaker-level accuracy of the proposed ChatGPT-4o-based model and the CNN-based baseline. The ChatGPT-4o
model is evaluated under different few-shot scenarios. For a fair comparison, in addition to the baseline model trained
on the entire training set, we also consider baseline models trained only on data from the same speakers included in the
few-shot setup.

MODEL CHATGPT-4O-BASED NETWORK CNN-BASED BASELINE
SHOT/SPEAKER NUMBER 1 SHOT 3 SHOT 5 SHOT 2 SPK 6 SPK 10 SPK FULL DATA

ACCURACY (%) 70.2±3.4 82.1±0.0 85.7±0.0 84.5±1.6 88.1±1.6 90.5±1.6 95.2±1.6

upload to ChatGPT-4o). For this reason, we have chosen to
use it in this paper despite its limitations.

4.2 CNN Baseline Model
As previously mentioned, this paper focuses on analyzing
ChatGPT-4o’s ability to process STFT magnitude spectro-
grams. For a fair comparison, we use a SOTA CNN model
that also operates on STFT magnitude spectrograms as our
baseline [8]. Since the CNN model accepts only fixed-size
inputs, we split each utterance into 500 ms segments with
an overlap of 250 ms. The STFT of these segments is com-
puted using a 10 ms Hanning window without overlap and
the logarithm of the STFT magnitude is used as input repre-
sentation. Input representations are normalized through a
LayerNorm function (µ= 0,σ = 1). The CNN architecture
we use is adopted from [8].

For training and evaluation, we use a leave-one-speaker-
out approach. In each fold, one speaker is used as a test
speaker, while the remaining speakers are divided into train-
ing and validation sets with a 9 : 1 ratio. The model is
trained using the Adam optimizer with a learning rate of
0.001 and a weight decay of 5×10−3.

4.3 ChatGPT-4o Setup
For the experiments conducted with ChatGPT-4o, we used
OpenAI’s official API. To use ChatGPT-4o in an in-context
learning scenario, we first define a system message that
outlines the classification task, input representation, and
number of reference samples per class. Next, we present
the reference samples for each group based on the selected
number of shots for in-context learning. Finally, we provide
the test sample to the model.

For selecting the reference samples, we strive to main-
tain a balanced distribution. We ensure that the number
of speakers from each gender is equal in both classes and
select identical utterances for each group. For instance, if a
male speaker utters a specific common word in the control
group, there will also be a male speaker uttering the same
word in the pathological group. For the test samples, we
randomly select two utterances from each of the five groups
of recordings (i.e., CW, UW, C, D, and L), resulting in a
total of 10 test samples. In this setup, each test speaker
is evaluated separately, using reference samples from (a
subset of) the remaining speakers.

4.4 Performance Evaluation
To evaluate the performance of the considered approaches,
we consider the speaker-level accuracy. For the baseline
model, we compute soft labels by passing the network’s out-
put through a softmax function for all segments belonging
to each speaker. The speaker-level decision is then made
through soft voting based on the scores of all these segments.

For the ChatGPT-4o-based approach, the speaker-level deci-
sion is made through soft voting of the classification scores
obtained for of all utterances belonging to the speaker.

Since ChatGPT-4o is non-deterministic, we repeat each
experiment three times on the same data and report the
mean and standard deviation of the results. For the baseline
model, we train all networks three times with different
random seed initializations, and similarly report the mean
and standard deviation of the accuracy.

5 Experimental Results
5.1 Performance of Proposed and Baseline Mod-

els
In the following, the performance of the proposed ChatGPT-
4o-based model is compared to the performance of the
SOTA CNN-based baseline. To this end, we perform in-
context learning for the ChatGPT-4o-based model with dif-
ferent number of shots, i.e., 1, 3, and 5. We frame the task
as a general audio classification task (cf. System Prompt in
Fig. 1) and request both a classification score and an expla-
nation of the decision for the test sample (cf. Test Prompt
in Fig. 1). To ensure a fair comparison to the baseline CNN
model, we consider training different CNN models for each
shot by using only data from the reference speakers selected
for the ChatGPT-4o-based model.2 For completeness, we
also consider the results obtained when all the training data
is used for the CNN model.

Table 1 presents the obtained results. It can be ob-
served that as expected, both models show a performance
improvement as they are exposed to more training data.
More importantly, the ChatGPT-4o-based model demon-
strates promising results compared to the SOTA baseline. In
the following subsections, we analyze the impact of differ-
ent settings on the performance of the ChatGPT-4o-based
model.

5.2 Impact of System Prompt
The system prompt defines the model’s behavior by specify-
ing the task and instructing it to classify test samples based
on reference samples. As previously mentioned, there are
two primary ways to define the task in the system prompt:
(i) as an audio classification task without further details
as in Section 5.1 or (ii) as a dysarthria classification task,
where the model is provided with patient characteristics and
asked to classify based on both the reference samples and
the given description. In describing dysarthria, we high-
light key symptoms such as articulation deficiencies, vowel

2Please note that these CNN models use all the data available from the
reference speakers, not just the reference samples used for the ChatGPT-
4o-based model. This is necessary to provide sufficient training data for
the CNN model.



Table 2: Impact of different settings on the performance of the proposed approach under different few-shot scenarios.
Accuracy (%) 1-Shot 3-Shot 5-Shot

Setting from Section 5.1 70.2±3.4 82.1±0.0 85.7±0.0
Dysarthria-specific prompt 60.7±2.9 69.0±1.6 76.2±1.6
Non-detailed response 64.3±0.0 75.0±0.0 79.8±3.4
Raw speech input 52.4±6.7 60.7±5.8 67.9±2.9

distortions, reduced loudness variation, hypernasality, and
syllabification issues [1]. To examine the impact of the
system prompt on performance, we repeat the ChatGPT-4o-
based experiments from Section 5.1 using a system prompt
that includes a description of dysarthria.

Table 2 presents the obtained results using a system
prompt that describes dysarthria (Dysarthria-specific prompt).
For ease of comparison, it also includes the ChatGPT-4o-
based results from Section 5.1, where the system prompt
frames the task as general audio classification. The results
show that using a system prompt specifically describing
dysarthria leads to a performance degradation, regardless
of the number of shots considered. As described in Sec-
tion 4.1, we expect the denoised UA-Speech database to
contain pathology-unrelated differences between the two
groups of speakers that are considerably easier to learn
than pathology-discriminant cues. We believe that when
a description of the pathology is included in the system
prompt, the ChatGPT-based model shifts its focus to these
characteristics, rather than relying on spurious pathology-
unrelated cues. Therefore, we hypothesize that this degrada-
tion in performance is due to the model focusing on genuine
pathological cues rather than unintended artifacts. Further
investigation is needed to fully understand the network’s
decision-making process in this context.

5.3 Impact of Non-detailed Response
At test time, we prompt the LLM to classify the test STFT
representation into one of the predefined classes. This can
be done in two ways: (i) requesting only a classification
score, or (ii) asking the model to provide both a score and
an explanation for its decision as in Section 5.1. To exam-
ine the impact of this choice on performance, we repeat
the ChatGPT-4o-based experiments from Section 5.1 re-
questing only a classification score. The results for this
setting are reported in Table 2 (Non-detailed response). We
observe a degradation in the performance of the proposed
method when it is asked to return only a classification score,
compared to when it also provides an explanation for its
prediction. This is because the model performs better when
it follows a step-by-step reasoning process to generate its
response. Similar findings have been reported in previous
studies, where the chain-of-thought prompting technique
has been shown to improve the performance of LLMs [33].

5.4 Impact of Raw Speech Input
To examine the impact of different input representations on
performance, we repeat the experiments from Section 5.1
using raw speech input and the ChatGPT-4o-Audio-Preview
model. The results are presented in Table 2 (Raw speech
input). As observed, there is a degradation in performance
compared to when the STFT representation is used as input.
While raw speech inherently contains more information
than STFT, we conclude that ChatGPT-4o’s vision capabili-

ties are more advanced than its audio processing abilities,
resulting in a better performance with STFT input.

6 Future Work
Our experiments demonstrate the in-context learning capa-
bilities of ChatGPT-4o for automatic pathological speech
detection. There are several directions that can be explored
to further improve the performance of these approaches.
First, in this study, the in-context learning samples were
selected randomly from the dataset. Although our method
achieved performance comparable to SOTA approaches,
we believe that a more deliberate selection of in-context
samples could close the remaining performance gap and
potentially achieve SOTA results.

Additionally, ChatGPT-4o provides explanations along-
side classification outputs. These explanations have the po-
tential to enhance the interpretability of pathological speech
detection models. Therefore, further investigation is war-
ranted to better understand the model’s decision-making
process in this context.

7 Conclusion
In this study, we explored the in-context learning capa-
bilities of ChatGPT-4o for automatic pathological speech
detection. We evaluated our approach across different shot
settings and compared it to a SOTA CNN-based method on
the UA-Speech dataset. Our results demonstrate that the
proposed method achieves promising and competitive per-
formance, while also providing explainability by detailing
the reasoning behind its decisions.

To further analyze our method, we conducted an abla-
tion study. We observed that while ChatGPT-4o is inher-
ently non-deterministic, its performance stabilizes when
exposed to more samples, resulting in consistent outputs in
higher-shot scenarios. Additionally, we found that explic-
itly describing the task in the system prompt led to a slight
performance degradation, likely because the model focused
more on actual pathological cues rather than spurious ones.
Finally, our results indicate that requesting an explanation
for the model’s classification leads to improved accuracy.
This aligns with previous findings, where chain-of-thought
prompting has been shown to enhance the performance of
LLMs.

Our promising results suggest that further research should
explore this direction to fully leverage the potential of LLMs
for pathological speech detection.
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