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Abstract—Early and accurate diagnosis of interstitial lung disease (ILD) remains a major clinical challenge due to its wide
range of symptoms and overlapping sound patterns with other pulmonary disorders, such as fine crackles and squawks.
This paper proposes a transformer-based language model (LM) framework for classifying respiratory sounds associated
with ILD using three complementary time-frequency (TF) encodings: constant-Q transform (CQT), mel-spectrograms,
and mel-frequency cepstral coefficients (MFCC). Each TF representation is first derived from pre-processed lung sound
recordings and then reshaped into token-like sequences suitable for processing by pre-trained transformer backbones,
specifically GPT-2, GPT-2-medium, Qwen, and Qwen-chat models. The proposed framework is evaluated on publicly
available respiratory sound datasets, BRACETS and KAUH, and performance is reported as average accuracy, recall,
precision, and F1-score to provide a comprehensive assessment. The proposed framework underscores the potential
of transformer-based LM architectures operating on TF representations of RSs as a promising direction for developing
robust, non-invasive, and scalable tools for early ILD screening and for discovering reliable acoustic biomarkers in clinical

and real-world applications.

Index Terms—Lung sounds (LSs), interstitial lung disease (ILD), language model (LM), and classification.

[. INTRODUCTION

Interstitial Lung Disease (ILD) encompasses a diverse group of
chronic respiratory disorders characterized by progressive scarring
and fibrosis of the pulmonary interstitium, leading to impaired gas
exchange and reduced lung compliance [1]. ILD has a significant
clinical burden, and many of its subtypes have a progressive trajectory
that, if left untreated, can result in diminished lung function, a lower
quality of life, and early death [2]. Early identification is particularly
challenging because symptoms such as exertional dyspnea and dry
cough are nonspecific, and access to high-resolution imaging and
expert interpretation may be limited in many situations [3]. Abnormal
lung sounds (LSs), such as squawks and fine crackles, are significant
bedside markers of ILD and are caused by structural and functional
changes in the alveolar units and small airways [4]. Traditional
diagnostic methods, such as high-resolution computed tomography
(HRCT) and pulmonary function tests, though effective, are expensive,
time-consuming, and expose patients to radiation [5]. With advances
in digital auscultation and signal processing, LSs have emerged as a
promising non-invasive modality for computer-aided screening and
phenotyping of diffuse parenchymal lung diseases [5].

Over the past few years, numerous studies have explored automated
LS analysis for lung disease detection using CT scans [4] or HRCT
images [6]. In [7], the authors analyzed ILD within the region of
interest (ROI) in HRCT images, extracted features using a refined
attention pyramid network (RAPNet), and then used mobileUnetV3
for classification. In [4], the authors used a five-layer convolutional
neural network (CNN) followed by average pooling to classity CT
images into seven different classes. The authors in [8] used features
based on texture, morphology, and intensity, followed by a random
forest (RF) classifier to classify lung tissue patterns in HRCT images.
Similarly, the authors in [6] used CT scans of patients to analyze

ILD using an ensemble network composed of InceptionV3, VGG16,
and ResNet50. Recently, a few works, [3], [9], analyzed ILD using
LS signals. In [9], the authors proposed a sinc convolutional network
for ILD vs healthy classification, resulting in an accuracy of 81.25%.

Recent advancements in deep learning have introduced more
flexible and hierarchical models for biomedical sounds, CNNs [4]
have demonstrated promise in recognizing respiratory patterns and
adventitious sounds such as crackles and wheezes. However, these
models rely on fixed receptive fields and sequential recurrence, which
may limit their ability to capture the complex temporal-spectral
relationships present in ILD signals. Moreover, their interpretability
and transferability across datasets remain limited, particularly in
low-data or imbalanced settings that are common in clinical studies.

The emergence of transformer architectures and pre-trained LMs
[10]-[12] has significantly advanced representation learning across
diverse sequential modalities. Models such as GPT [13] and Qwen
[14], originally developed for natural language processing tasks,
have demonstrated strong capabilities in contextual representation
learning and long-range dependency modeling. Recent studies such
as TIME-LLM and LLMTime have explored adapting LMs for non-
textual temporal data using prompting and sequence-serialization
strategies [15], [16], suggesting that these models can be extended
beyond textual processing by transforming temporal signals into
token-compatible sequential embeddings.

Motivated by these observations, this study investigates the
feasibility of employing frozen LMs, including GPT2, GPT2-medium
[13], Qwen, and Qwen-chat [14], for the classification of ILD versus
healthy lung sounds. Unlike prior prompt-based or autoregressive
serialization approaches that primarily focus on forecasting tasks
[15], [16], the proposed framework directly processes time-frequency
representations of respiratory acoustic signals through structured
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patch-based embeddings and input reprogramming. This enables the
model to learn contextual spectro-temporal dependencies without
converting the signals into textual prompts or numerical autoregressive
token sequences. Furthermore, unlike conventional CNN-based lung
sound classification approaches that primarily focus on local feature
extraction, the proposed framework leverages transformer-based
sequential modeling to capture both local and global dependencies
within respiratory acoustic representations.

The key contributions of this work are summarized as follows:

« Introduced a framework that adapts transformer-based LMs (GPT
and Qwen families) for LS classification.

« Extracted and encoded time—frequency features like mel-
spectrograms, mel-frequency cepstral coefficient (MFCC), and
constant g-transform (CQT) representations as structured se-
quential tokens for model input embedding space.

« Provided a systematic performance comparison between GPT2,
GPT2-medium, Qwen, and Qwen-chat architectures, analyzing
their ability to generalize and learn from limited LS data.

This method provides the first evidence that pre-trained LMs can be
fine-tuned and repurposed for LS analysis. The paper is structured as
follows: Section II describes the databases used; Section III presents
the proposed methodology, including preprocessing and details of
implementing transformer-based LMs; Section IV presents the results
and discussion of the proposed framework; and Section V concludes
the framework.

[l. DATABASE DESCRIPTION

This section provides details on the publicly available databases
used in this proposed framework. First one is BRACETS database
[17], which consists of LS recordings with associated electrical
impedance tomography (EIT) of healthy as well as diseased patients.
These recordings were collected using a 3M Littmann electronic 3200
stethoscope at a sampling rate of 4000 Hz from different anterior and
posterior regions in three modes: bell, diaphragm, and extended. In
our proposed framework, we primarily focus on the ILD and healthy
subjects. It is highly imbalanced, with 24 ILD and 8 healthy subjects,
comprising of 384 and 176 LS recordings respectively, ranging from
15 to 20 seconds. To mitigate the imbalance issue, we used another
database, i.e., KAUH [18], which comprises 35 healthy subjects and
various lung diseases, including asthma and pleural effusion. The
LS recordings are done in a similar way using a Littmann 3200
stethoscope, having the same sampling rate, ranging from 5 to 30
seconds. Each LS recording is further preprocessed for ILD vs healthy
classification.

1. PROPOSED FRAMEWORK

This section includes the details of the proposed framework for
classifying ILD and healthy LSs using transformer-based LMs. The
pipeline consists of three major stages: (i) preprocessing of raw
LS signals, (ii) time—frequency feature extraction, such as MFCC,
mel-spectrograms, and CQT, and (iii) description of LMs for LS
classification. The block diagram of the proposed framework is
shown in Fig. 1.

A. Preprocessing

The preprocessing step consists of three stages: (i) filtering, (ii)
segmentation, and (iii) normalization. The raw LS signals (RLS) are
first filtered with a band-pass filter from 10 to 2000 Hz. The filtered
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Fig. 1. Block Diagram of Proposed Framework.

LS signals are then segmented into 5 second fixed-length frames with
a 50% overlap. Let LS¢[n] denote the filtered lung sound signal, let
L denote the frame length in samples corresponding to a duration
of 5 seconds, and let O denote the overlap length in samples, where
O =]0.5L]. The m-th segmented frame is defined as

LS,,[n] =LS;(m(L-0)+n), n=0,1,..., L-1, m=0,1,..., M-1, (1)

where LS,,[n] represents the m-th segmented LS frame and M
denotes the total number of frames extracted from the filtered LS
signal. Using this segmentation procedure, a total of 2247 5-second
frames are obtained. These chunks are then normalized using z-score
normalization to the range [-1, 1]. These normalized LS signals LS,
are then converted to the time-frequency (TF) domain, such as the
mel-spectrogram, mel-frequency cepstral coefficients (MFCC), and
the constant-Q transform (CQT), which are used as inputs to LMs.

B. Time-frequency Feature Encodings

Three different TF features, such as Mel-spectrogram, MFCC, and
CQT extracted from LS,,.

1) Mel-spectrogram: Mel-spectrogram [2] transforms NLS into
a spectrogram with frequency bins aligned to the Mel scale. It is
generated by performing a short-time Fourier transform (STFT) and
then applying a Mel filter bank, producing a 2D representation with
rows corresponding to Mel-frequency bands and columns indicating
time. This characteristic captures both time-related changes and
spectral elements, rendering it very efficient for LSs classification.

2) MFCC: Mel-frequency cepstral coefficient (MFCC) [19] is
obtained from the mel-spectrogram through the application of a
discrete cosine transform (DCT) on the logarithm of filter bank
energies. This method removes correlations among the coefficients
and condenses the spectral data into a reduced number of features,
usually ranging from 13 to 20 coefficients, that illustrate the signal’s
spectral envelope. In analyzing LSs, MFCCs help recognize patterns
associated with various conditions by focusing on the most significant
spectral features.

3) CQOT: CQT [20] representation featuring a logarithmically
spaced frequency axis, offering greater frequency resolution at low
frequencies and reduced resolution at high frequencies. The CQT
is obtained by convolving the signal with a series of filters whose
bandwidths are proportional to their center frequencies. The resultant
representation effectively captures the harmonic architecture and time
progression of respiratory signals.

C. Language Models (LMs) for LSs Classification

This study presents a transformer-based LM framework that
utilizes three complementary TF representations of LSs, such as
mel-spectrograms, MFCC, and CQT, for the classification of ILD and
healthy LS signals. The representations are saved as numpy tensors,
resized to a standardized structure with channels aligned to frequency
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coefficients while maintaining the temporal dimension, enabling
uniform processing, and then divided into training, validation, and test
subsets to preserve class balance. A common backbone architecture
is used, comprising a patch embedding followed by a reprogramming
layer, and frozen, pre-trained LMs such as GPT2, GPT2-medium,
Qwen, and Qwen-chat as the sequence model. Time-frequency
representations are tensors of shape (N, C,T), where C denotes the
number of frequency bins (channels) and 7 represents the number of
temporal frames. To convert these representations into transformer-
compatible tokens, a 1D convolutional patch embedding layer is used
to perform temporal tokenization. Specifically, a convolution with
kernel size p and stride s is applied along the time dimension, treating
frequency bins as input channels. This operation produces a sequence
of patch tokens according to (B, C,T) — (B, Thews dmodet), Where B
denotes the batch size, d,;04.1 denotes the embedding dimensionality
of each token, and T, = |_T;—”J + 1. Then, each token (d,,oqe1)
is projected into the pre-trained LMs embedding space (d;,,) via a
learnable reprogramming layer (d,,,0qe1 — dim)- The resulting tensor
of shape (B, Tyew,dim) is then input to the frozen LMs using the
inputs_embeds interface, ensuring compatibility with the original
embedding space while preserving the structure of the pre-trained
model. The final hidden states are combined via adaptive average
pooling, followed by a fully connected classification layer that converts
the pooled representation into ILD versus healthy classes. Every model
is trained for each TF representation (mel-spectrogram, MFCC, CQT),
enabling analysis across them. Training utilizes 100 epochs with an
AdamW optimizer, a StepLR learning rate scheduler, and cross-
entropy loss with label smoothing to reduce overfitting and enhance
generalization. For each representation, the evaluation is performed
over 10 independent runs using subject-wise data partitioning, and
the final results are reported as the average across all runs. These
results enable comparisons among mel-spectrogram, MFCC, and
CQT-based LLM models for ILD-affected LS classification.

IV. RESULTS AND DISCUSSION

This section presents the experimental results and analysis of the
proposed transformer-based LM framework for ILD versus healthy
LS classification using TF encodings of LS signals.

A. Performance Metrics and Evaluation

We evaluate the effectiveness of our proposed framework by
employing various performance metrics, including average accuracy
(Avg. Acc.), average precision (Avg. Pre.), average recall (Avg.
Rec.), and average F1-score (Avg. F1) on the test set. To evaluate the
performance of the proposed framework, the dataset is partitioned
subject-wise into an 80% training set, a validation set 10%, and
a test set 10%. This ensures that no segments from the same
individual appear across training, validation, or test sets, thereby
preventing overlap and providing a clinically realistic assessment of
generalization performance.

TABLE 1 outlines the classification results of various transformer-
based LMs employing mel-spectrogram, MFCC, and CQT TF
representations for distinguishing ILD from healthy cases. Among all
models, GPT2-medium delivers the highest overall performance for
mel-spectrogram and MFCC features, achieving average accuracies
of 84.31 + 1.42% and 83.20 + 2.28%, respectively, and consistently
good precision, recall, and Fl-scores. This demonstrates robust
discriminative ability and equitable learning for both classes.

Conversely, GPT2 and Qwen exhibit lower recall metrics, suggesting
a higher likelihood of misclassification, particularly for ILD samples.
Regarding CQT features, Qwen-chat surpasses the competing models,
reaching the top average accuracy of 79.33 +1.57% and F1-score of
77.54 + 3.43%. This underscores the effectiveness of Qwen-chat in
modeling logarithmic frequency representations, in which GPT-based
models exhibit diminished robustness. These observations emphasize
that model-feature alignment is crucial, and that no single model is
universally optimal across all TF representations.

The confusion matrices, as shown in Fig. 2, also reinforce these
conclusions by demonstrating prediction behavior for each class.
GPT2-medium shows fewer false positives and false negatives across
mel-spectrogram and MFCC TF representations, suggesting enhanced
class separability and more reliable ILD detection. In contrast, for CQT
features, Qwen-chat demonstrates increased true positive rates for
both ILD and healthy categories, validating its enhanced performance
noted in TABLE 1.

Mel-spectrogram MFCC cQT

True Class

Predicted Class

Fig. 2. Confusion matrices for ILD versus healthy classification using
(a) GPT2-medium for mel-spectrogram, (b) GPT2-medium for MFCC,
and (c) Qwen-chat for CQT TF representation.

Moreover, the t-SNE visualizations shown in Fig. 3 provide qual-
itative insights into feature distinguishability. Embeddings produced
by GPT2-medium for mel-spectrogram and MFCC TF features show
more distinct cluster separation between ILD and healthy classes, with
little overlap. Conversely, CQT-derived embeddings exhibit tighter,
better-separated clusters when analyzed with Qwen-chat, confirming
their quantitative advantage. The integrated quantitative and qualita-
tive findings highlight the efficacy of the proposed framework and
underscore the importance of selecting appropriate TF features and
transformer-based LM architectures for ILD classification.
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Fig. 3. t-SNE visualization of test set of ILD and healthy embeddings,
(a) test set before training, (b) and (c) after training using GPT2-
medium for mel-spectrogram and MFCC, and (d) Qwen-chat for CQT.

Fig. 3 (a) shows the random scattering of test samples before
training the proposed framework. Fig. 3 (b) and (c) show the clusters
formed after training of GPT2-medium for mel-spectrograms and
MFCC, and Fig. 3 (d) shows the clusters formed for Qwen-chat for
CQT TF encodings.

The ablation study outlined in TABLE 2 investigates the per-
formance of patching, reprogramming and LLM integration in
the proposed framework for ILD vs healthy classification. The
results show that the overall performance of the reprogrammed LM
variant is outperforming on all the performance metrics, indicating
that the reprogramming and LM-based representation learning are
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TABLE 1. Performance Measures (in %) Obtained Using Proposed Framework for ILD vs Healthy Classification.
Model Mel-spectrogram MFCC car
Avg. Acc. Avg. Pre. Avg. Rec. Avg. F1 Avg. Acc. Avg. Pre. Avg. Rec. Avg. F1 Avg. Acc. Avg. Pre. Avg. Rec. Avg. F1
GPT2 84.13+0.70 84.45 + 0.66 84.13+0.70 84.13+0.70 83.11+2.11 83.57 +2.00 83.11 +2.11 83.10 +2.12 79.02 +1.49 79.35 +1.49 79.02 + 1.49 78.99 + 1.50
GPT2 medium 84.31 £ 1.42 84.49 + 1.44 84.31+1.42 84.30 + 1.42 83.20 + 2.28 84.35 +2.03 83.20 +2.28 83.11 +2.36 78.27 £ 2.11 78.51+2.12 78.27 + 2.11 78.22+217
Qwen 82.84 + 1.96 83.11 +£2.03 82.84 + 1.96 82.83 + 1.95 78.89 +2.38 79.41 +£2.48 78.89 +2.38 78.84 +2.40 77.73 +3.24 78.29 +2.92 77.73 +3.24 77.54 +3.43
Qwen chat 83.42 + 2.01 83.77 £+ 1.94 83.42 + 2.01 83.41 + 2.02 82.58 + 0.72 82.88 + 0.80 82.68 +0.72 82.67 +0.72 79.33 + 1.57 79.48 +1.45 79.33 + 1.57 79.29 + 1.63

TABLE 2. Ablation Analysis of the Proposed Framework Using Differ-
ent Model Variants.

Model Variant Patch | Rep i LM | Avg. Acc. | Avg. Pre. | Avg. Rec. | Avg. F1
Classifi v X X | 72.00% | 73.23% | 72.00% | 71.85%
Frozen LM v X X 81.78% 81.78% 81.78% | 81.76%

Reprogrammed LM v v v 84.31% 84.49% 84.13% | 84.30%

beneficial. The performance of the classifier only and frozen LMs
are comparatively lower, underscoring the critical role of adaptive
reprogramming in enhancing the classification ability of proposed
framework.

B. Performance Comparison

This section compares the proposed framework with the existing
methods of detecting ILD. TABLE 3 shows that most of the
previous reported works focus on using CNN- and ensemble-based
architectures with the use of CT or HRCT images as the diagnostic
modality. These imaging techniques provide detailed information of
the lungs in terms of its structure and its anatomy, thus aiding the
classification process. The proposed framework, on the other hand,
takes as input modality the LS signal, which is a more challenging
problem because lung sounds have limited, non-stationary, low cost,
radiation free, and highly variable acoustic characteristics. To the best
of our knowledge, there has been only one study Arka et.al. [9] that
explored the use of LS signals for ILD classification with an accuracy
of 81.25%. The proposed framework based on transformer-based
LMs and TF representations shows superior performance with these
features, even when using only the acoustic information. These results
show the effectiveness and potential of the proposed non-invasive
ILD classification framework, especially with the mel-spectrogram
features of 84.31+1.42% and the MFCC features of 83.20+2.28%.

TABLE 3. Comparative Performance Analysis.

S.
No.
1 |Anthimopo |CT

ulos et al. [4]|images
2 |Vishraj et al.|HRCT im-| Features based on intensity, texture, |85.8% Acc, 82.2%, Fi-score, 83.5%

Authors Data Method Results

5-layer CNN architecture 85.5% Acc.

[8] ages and morphology followed by RF Prec., and 81.7 % Rec.

3 |Martinez et|CT scans | Ensemble network consisting of In-|82.7% Acc.
al. [6] ceptionV3, VGG16 and ResNet50

4 |Arka et al.|Lung SincNet 81.25% Acc., 78.85% Sens., and 83.33%
9] sounds Spec.

5 |Proposed Lung
framework | sounds LMs

TF features with transformer-based [84.31 + 1.42% Acc. for mel-spectrogram,
83.20 + 2.28% for MFCC, and 79.33 +
1.57% for CQT

V. CONCLUSION

This study presents a novel framework for the automated
classification of ILD versus healthy LSs using TF signal encodings
processed through transformer-based LMs. By transforming spectro-
temporal features into structured sequential tokens, we successfully
repurposed transformer-based LM architectures such as GPT2, GPT2-
medium, Qwen, and Qwen-chat for biomedical sound interpretation.
The results demonstrate that these models, despite being originally
designed for natural language understanding, can effectively capture
temporal and spectral dependencies within LS data. Among all
tested architectures, GPT2-medium achieved the highest accuracy
of approximately 84.31 +1.42% for mel-spectrogram, outperforming
conventional deep learning models.
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