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Abstract
This study introduces a framework for diagnosing dyspha-

gia using self-supervised speech representation learning (SSL)
models. Previously reported methods typically rely on mel
spectrograms; however, due to the limited amount of medical
data, they struggle to accurately diagnose dysphagia from low-
dimensional features. However, SSL models, trained on large-
scale speech data, are well suited for tasks with smaller dataset.
Employing SSL features significantly enhances model perfor-
mance, allowing for the model’s size reduction while outper-
forming larger models based on mel spectrograms. Although
a decrease in specificity was observed, recall, a crucial metric
for disease diagnosis, showed a marked improvement, leading
to a general improvement in diagnostic accuracy. Among the
SSL models evaluated, the features of the 10th layer of WavLM
had the highest performance. Additionally, increasing the size
of the filter in the convolutional layers does not contribute to
performance gains.
Index Terms: speech representation, self-supervised feature,
dysphagia-aspiration detection, non-invasive diagnosis

1. Introduction
Dysphagia, characterized by impairments in the swallowing
process, is often associated with neuromuscular dysfunction
and strongly correlated with aging. [1, 2, 3] When dysphagia
occurs, patients may experience fear of swallowing (phagopho-
bia) or swallowing pain (odynophagia), making it difficult to
maintain adequate nutritional intake. This can lead to malnutri-
tion and complicate treatment of comorbidities. [4, 5, 6] More-
over, ineffective swallowing can result in pharyngeal residue or
aspiration, potentially causing aspiration pneumonia and, in se-
vere cases, leading to mortality. [4, 6]

The most commonly used standardized test method for dys-
phagia in clinical settings is the videofluoroscopic swallowing
study (VFSS). [4, 7] This method involves observing the chew-
ing and swallowing of various textured foods and liquids con-
taining fluorescent substances such as barium through video-
fluoroscopy. [8, 9] Through this examination method, clinicians
determine the severity of dysphagia using indicators such as
the penetration-aspiration scale (PAS). The PAS indicator pri-
marily assesses whether the ingested food touches the vocal
cords or enters the airway, broadly categorizing the results as
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healthy, penetration, or aspiration, using a more detailed eight-
level scale. [10, 11] There are also other diagnostic methods
used in research settings, such as fiberoptic endoscopic evalu-
ation of swallowing (FEES) and manometry. [4, 12] In addi-
tion to these invasive methods, various non-invasive approaches
(e.g. the gugging swallowing screen, and 3-ounce water swal-
low test) have been developed. [13] However, existing diagnos-
tic methods are limited by their need for expert intervention, and
specialized facilities, while also carrying risks such as radiation
exposure. Owing to these limitations, periodically monitoring
changes in a patient’s condition during daily dietary life is chal-
lenging. [13, 14]

Considering these challenges, particularly the difficulty of
periodic monitoring, several studies have explored the potential
of detecting dysphagia through patients’ voices. [15, 16, 17, 18,
19, 20, 21, 22, 23] Early studies on voice analysis in dysphagia
patients focused on reporting statistically significant differences
in parameters such as frequency perturbation (e.g. relative aver-
age perturbation (RAP)), amplitude perturbation (e.g. shimmer
percentage (SHIM)), and noise-to-harmonics ratio (NHR) be-
tween healthy (low-risk group) and dysphagia (high-risk group)
patients, as diagnosed by conventional dysphagia assessment
methods. [15, 16] Furthermore, regarding voice changes before
and after swallowing, another previous study reported that RAP
showed the highest statistical significance in repeated measures
mixed ANOVA statistics considering both time (pre- and post-
swallowing) and group (non-aspiration risk and aspiration risk
groups). [17]

In addition to statistical analyses, studies have applied clas-
sical machine learning models, such as SVM and XGBoost,
to utterance-level features extracted from patients’ voices, in-
cluding frequency perturbation, amplitude perturbation, and
harmonics-to-noise ratio (HNR). [18, 19, 20] Advancing fur-
ther, there have been attempts to develop systems that can be
directly applied to patients’ daily lives without primary expert
intervention by applying deep learning models to voice itself
through frame-level features such as mel frequency cepstral co-
efficients (MFCCs) and mel-spectrograms, rather than using
utterance-level indicators. [21, 22, 23]

As self-supervised speech representation models have ad-
vanced, there has been an increasing shift from hand-crafted
features to self-supervised learning(SSL) features across vari-
ous downstream speech tasks. This is particularly beneficial in
scenarios where it is challenging to collect large datasets, such
as speech recognition for low-resource languages or medical-
data-related tasks. Leveraging information from SSL features
pre-trained on large-scale speech datasets has proven its useful-
ness in a range of downstream tasks within the speech domain,
including emotion recognition , speech enhancement, keyword
spotting, and text-to-speech. [24, 25, 26, 27] To the best of our
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knowledge, SSL features have not yet been applied to dysphagia
detection. However doing so could offer an excellent solution
to address the challenges posed by limited datasets.

We propose a deep learning model for diagnosing dyspha-
gia through voice analysis, which is a non-invasive method. Al-
though previous models [23] have employed hand-crafted fea-
tures, such as mel spectrograms, the limited amount of available
data has made it challenging for these models to learn the crit-
ical patterns necessary to address complex issues such as dys-
phagia from low-dimensional features. In this study, we aim
to achieve high performance with a small dataset by leveraging
features from self-supervised speech representation models pre-
trained on large-scale speech data. Our contributions include
presenting a deep learning framework for diagnosing dysphagia
from the voice, investigating speech features suitable for dys-
phagia diagnosis, and examining the contributions of pre- and
post-swallowing voice features within this framework.

2. Method
2.1. Features

In this study, we compared hand-crafted features, specifically
mel spectrograms, with self-supervised speech features for di-
agnosing dysphagia. Mel spectrogram captures the frequency
characteristics of a signal over time and enhances the resolution
of frequency bands that are more critical to human speech using
filter banks. Mel spectrogram is used in a logarithmic scale to
compress the range of values. Although mel spectrograms have
been effective across various speech-related tasks and remain
widely used, they are increasingly being supplanted by features
derived from self-supervised learning models. The SSL models,
that are pre-trained on large-scale speech data, can compensate
for the scarcity of dysphagia-specific data.

Among the SSL models, we focused on three prominent ex-
amples: Wav2Vec 2.0 [28], HuBERT [29], and WavLM [30].
These models have demonstrated high performance across a
range of benchmarks, suggesting their potential utility for di-
agnosing dysphagia as well. All three models are based on the
Transformer architecture, which is well-suited for processing
large-scale speech data. Despite sharing a similar foundational
structure, these models employ different feature learning strate-
gies, allowing us to compare and analyze their performances
on a common architecture. Wav2Vec 2.0 learns by predicting
masked portions of the speech signal, HuBERT uses the cluster-
ing of speech signals to learn hidden units, and WavLM extends
the HuBERT approach by incorporating data augmentation and
considering a variety of speech tasks during training. In partic-
ular, the WavLM emphasizes its non-ASR task performance.

All audio was resampled to 16 kHz before feature extrac-
tion. For the mel spectrogram, we used 128 filter banks with a
window size of 640 and a hop size of 160, resulting in a 128-
dimensional vector sequence at a frequency of 100 Hz. The fea-
tures from Wav2Vec 2.0, HuBERT, and WavLM yielded 768-
dimensional vector sequences at 50 Hz. We compared the out-
put from all Transformer layers, from layer 0 to layer 12.

2.2. Architectures

In a baseline study [23], MobileNet-V3 [31] was used as the
base model, with a final convolutional layer to reduce the num-
ber of channels for binary classification. MobileNet-V3 was
chosen because it has been successfully applied to mel spectro-
grams in [23], demonstrating its effectiveness in this context.
Designed to perform image classification efficiently with lim-

Figure 1: Overview of the voice-based dysphagia detection
pipeline. The pipeline begins with a feature extractor, which
can utilize various representations such as mel spectrograms,
Wav2Vec 2.0, HuBERT, or WavLM. The extracted features are
subsequently fed into a predictor for dysphagia classification.

ited resources, the architecture was determined through Neural
Architecture Search. It incorporates inverted residual blocks,
squeeze-and-excitation blocks, and a hardwish activation func-
tion to enhance both efficiency and performance. To scale the
model, as in [32], the model width multiplier was set to 2.0, re-
sulting in a parameter count of 11.65 million, thereby increasing
the model’s capacity and allowing for a performance compari-
son with the improved model.

For models using SSL features as input, preliminary exper-
iments indicated that high model complexity was not necessary.
Unlike mel spectrograms, SSL features have a higher dimen-
sionality, making it more challenging for complex models to
learn effectively from a limited dataset. Therefore, to minimize
additional complexity and leverage the rich information already
captured by the SSL features, a single 1D convolutional layer
was chosen. After convolution, temporal average pooling was
applied to aggregate the features across the time dimension, fol-
lowed by a linear layer to produce the final binary classification
output. The sigmoid function was used as the activation func-
tion to perform binary classification. We experimented with fil-
ter sizes of one, three, and five, and when performing binary
classification on a 768-channel input, the parameter count for
the 1D convolutional layer was highly efficient: 1,538 param-
eters with filter size of one and 4,610 with filter sizes of three,
and 7,682 with filter sizes of five.

3. Experiment
3.1. Data Description

We collected data from patients who underwent VFSS at Seoul
National University Bundang Hospital and from healthy volun-
teers between October 2021 and February 2023. In the initial
cohort, 285 subjects were recruited: 212 normal (88 males and
124 females) and 73 dysphagia-aspirated (54 males and 19 fe-
males). The normal and aspiration groups were classified based
on PAS scores (normal: PAS 1, aspiration: PAS 5-7) by two
clinicians. To enhance data quality, subjects under 40 years
of age (78 normal, 1 aspirated) and recordings with poor au-
dio quality (6 normal, 2 aspirated) were excluded, resulting in
a final analysis of 198 subjects: 128 normal (41 males, 87 fe-
males) and 70 aspirated (52 males, 18 females). This study was
approved by the Institutional Review Board of Seoul National
University Bundang Hospital (IRB No. B-2109-707-303) and
registered with ClinicalTrials.gov (ID. NCT05149976).

To collect pre- and post-swallowing voice data, subjects
undergoing the VFSS consumed a standardized bolus (water,
semi-blended diet, small fluid, fluid thickening with level 3, liq-
uid food, and Yoplait yogurt) under the researcher’s guidance.
The subject phonated [A] for approximately 5 s before and af-
ter swallowing, which was recorded at the upper sleeve position
using a Sony ICD-TX 660 Recorder. Healthy subjects who did
not undergo VFSS followed the same protocol for water and
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Figure 2: Performance comparison across HuBERT layers. Across all layers, there is a tendency for high recall and low specificity,
with this trend being more pronounced in the earlier layers. The 6th layer exhibited the highest F1 score and AUC performance.

Figure 3: F1 score comparison across layers of SSL models. Each SSL model exhibits a different performance pattern across layers.

were supervised by a clinical nutritionist and an occupational
therapist. Owing to accessibility limitations, the subjects used
their smartphones for recording. All recordings were truncated
to 2 s to standardize the lengths, reduce noise, and maximize us-
able samples. This process facilitated additional noise reduction
from both ends of the recordings and between vocalizations.
To address the variability in audio formats, all recording files
were standardized to the mp3 format at 64 kbps, considering
the potential deployment of the model on mobile devices and
the CPU specifications of medical devices. The Sony recorder
stereo data were split into two mono files, whereas the smart-
phone recordings remained in mono format. The resulting data
comprised 766 pre-swallowing (male 235, female 531) and 793
post-swallowing (male 240, female 553) samples for the nor-
mal group, and 362 pre-swallowing (male 266, female 96) and
578 post-swallowing (male 444, female 134) samples for the
aspiration group. To ensure model efficiency, the processed au-
dio data were stored in a hierarchical data format 5 (HDF5).
Each HDF5 file contained pre- and post-swallowing mp3 data,
normal/aspiration classification labels, and de-identified subject
numbers. Pre- and post-swallowing data from the same individ-
ual and time points were paired, resulting in 5,333 normal (male
1,556, female 3,777) and 2,968 aspiration (male 2,200, female
768) paired samples.

Model validation employed 10-fold cross-validation to ad-
dress the limited dataset size. To mitigate individual-specific
biases, all data from a single subject were allocated in the same
fold. Finally, owing to the significant disparity in the number
of samples between the normal and aspiration groups for fe-

male data, random oversampling was performed on the aspi-
ration group to match the number of normal samples in each
training dataset-fold during the creation of the HDF5 file.

3.2. Experimental Setup

First, we evaluated the performance of the features extracted
from each layer of the SSL model to identify the layer that
yielded the best results. For the mel spectrogram, we compared
the performance of MobileNet-V3, as in previous studies, with
that of a simple predictor. These results were then compared
with the results from SSL models to provide a comprehensive
evaluation. Subsequently, using the feature that achieved the
highest performance, we varied the filter size of the predictor to
analyze the effect of model complexity on performance. Finally,
we assessed the contributions of the pre- and post-swallowing
voice features to the overall model performance.

To evaluate the performance of the model for dysphagia
diagnosis, we employed the area under the curve (AUC), F1
Score, recall, and specificity. The threshold for the metrics was
adjusted in 0.1 increments, and the value that yielded the highest
F1 score was selected. [23] The AUC was employed to assess
the overall performance of the model across various classifica-
tion thresholds, providing a comprehensive measure of the abil-
ity of the model to distinguish between classes. The F1 Score,
which is the harmonic mean of precision and recall, was used
to balance the trade-off between false positives and false neg-
atives, offering insight into the model’s effectiveness in both
identifying positive cases and avoiding false alarms.
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Table 1: Comparison with Baseline

Model Feature F1 Score → AUC → Recall → Specificity →
MobileNet-V3 mel Spec 73.63 80.07 72.76 87.37

1D Conv mel Spec 69.76 77.04 91.28 62.79
1D Conv W2V2 77.13 83.76 93.22 74.31
1D Conv HuBERT 77.68 83.79 91.26 76.31
1D Conv WavLM 79.60 85.58 91.63 79.54

The model was trained with batch size 256, up to 150
epochs, and learning rate 3e-5 using the Adam optimizer. Per-
formance was measured as the average over 10 folds. Training
was conducted on an NVIDIA RTX A6000 GPU.

3.3. Results

Among the three SSL models, HuBERT exhibited the most pro-
nounced variation in performance across layers, as shown in
Figure 2. Recall and specificity did not necessarily follow a
strict trade-off relationship, leading to variations in F1 score
and AUC. This indicates that the critical information for dys-
phagia diagnosis differs depending on the layer. Generally,
lower layers in SSL models are known to capture rich acous-
tic information, while deeper layers progressively encode more
speaker and linguistic information. [33] Consequently, the dys-
phagia predictor likely relied on acoustic information when us-
ing lower-layer features and leveraged more abstract, high-level
representations when using upper-layer features. In the case of
HuBERT, the 0th layer exhibited high recall but low specificity.
However, as the layers deepened, specificity improved, with the
6th layer achieving the highest F1 score.

Figure 3 compares the F1 scores of each SSL model across
different layers. At lower layers, where the predictor primar-
ily utilizes acoustic information for dysphagia detection, per-
formance differences among the three SSL models are mini-
mal. However, as deeper layers are used, the performance gap
widens, with WavLM demonstrating a stronger ability to cap-
ture high-level information beneficial for dysphagia diagnosis.
Notably, Wav2Vec 2.0, the oldest model among the three, shows
a decline in performance in deeper layers, whereas WavLM, the
most recent model, improves as the layers deepen. This sug-
gests that as SSL models advance, they learn a broader range
of high-level features in their upper layers, including those rel-
evant to dysphagia diagnosis.

For each SSL feature, the layer with the highest F1 score
was selected: Layer 0 for Wav2Vec 2.0, layer 6 for HuBERT,
and layer 10 for WavLM, as listed in Table 1. When using
mel spectrogram features, employing a 1d convolutional layer
model increases recall but significantly decreases specificity, re-
sulting in a lower F1 score and AUC. Conversely, when switch-
ing to SSL features with a single 1D convolutional layer model,
the recall performance is maintained, whereas the specificity
improves. This suggests that SSL features capture patterns that
mel spectrograms cannot, leading to a more precise differentia-
tion between the normal and aspiration groups. Among the SSL
features, recall levels were similar, with the most recent model,
WavLM, achieving the highest F1 score, AUC, and specificity.

For the experiments on filter size and input data type, the
10th layer of WavLM, which showed the highest performance,
was selected. Interestingly, increasing the filter size, thereby in-
creasing the model complexity, had a negative impact on overall
performance (Table 2). This suggests that it is more effective for
a filter to map each time frame and then simply average along
the time axis, rather than attempting to capture the relationships
between time frames. This outcome could be partly attributed
to the relatively small amount of available data, which makes it

Table 2: Comparison across Convolution Filter Size

Filter F1 Score → AUC → Recall → Specificity →
1 79.60 85.58 91.63 79.54
3 78.82 84.68 90.24 79.11
5 78.05 84.16 88.98 79.34

Table 3: Comparison across Input Type

Input F1 Score → AUC → Recall → Specificity →
Both 79.60 85.58 91.63 79.54

Post only 73.17 79.90 84.08 75.71
Pre only 70.12 77.83 77.61 77.88

difficult to train larger models effectively. Moreover, the data
primarily consisted of single phoneme, which provide limited
information from the time axis.

As expected, the overall performance varied by input type,
with the highest accuracy observed when using both pre- and
post-swallowing voices, followed by post-swallowing only, and
then pre-swallowing only (Table 3). However, because predic-
tion accuracy remained surprisingly high even when using only
the pre-swallowing or post-swallowing voice, it may be practi-
cal to avoid measuring the voice both before and after meals.
This finding suggests that individuals can obtain a rough esti-
mate of their condition by measuring their voice just once, even
outside a clinical setting, such as at home.

4. Limitation
This study validated the effectiveness of SSL models for voice-
based dysphagia diagnosis but has some limitations. Due to pri-
vacy regulations, the dataset cannot be publicly shared, limiting
data availability for future research. Additionally, the dyspha-
gia predictor used had a simple architecture, and further explo-
ration of model complexity is needed. Despite these limitations,
this study demonstrates the potential of SSL-based speech rep-
resentations for dysphagia diagnosis, providing a foundation for
future advancements.

5. Conclusion
We proposed a dysphagia diagnosis model using self-
supervised speech representation learning models, specifically
Wav2Vec 2.0, HuBERT, and WavLM. When using SSL fea-
tures, the model achieved a higher performance with a smaller
model size compared to the MobileNet-V3 models that use mel
spectrograms. Although there was a slight decrease in speci-
ficity, recall, which is critical for disease diagnosis, showed a
significant improvement, leading to an overall enhancement in
model performance. Among the SSL features, 10th layer of
the WavLM demonstrated the highest performance. However,
increasing the filter size of the convolutional layers did not im-
prove the performance. Additionally, while using both pre- and
post-swallowing speech is beneficial, we experimentally con-
firmed that using either alone yields satisfactory performance,
with post-swallowing speech proving to be more crucial for an
accurate diagnosis. In the future, we aim to extend the prob-
lem to a multiclass classification framework to allow for more
detailed categorization based on the symptoms of dysphagia.
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