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Abstract 

Artificial intelligence-based respiratory disease diagnosis faces challenges in selecting a model training strategy 

that suits the characteristics of multi-modal data. This study aims to evaluate the effectiveness of fine-tuning 

compared to baseline models in respiratory disease classification using chest X-ray images, respiratory sound 

recordings, and clinical tabular data. Four public datasets were used: the COVID-19 Radiography Database 

(21,165 images, 4 classes), Chest X-Ray Images Pneumonia (5,863 images, binary classification), Respiratory 

Sound Database (920 recordings, 4 classes), and Lung Cancer Survey Data (309 tabular samples). The baseline 

models applied to each modality included a simple CNN and frozen ResNet50 for images, a feedforward neural 

network for audio, and a Random Forest for tabular data. The fine-tuning strategy was carried out by opening the 

last 10 layers of ResNet50 and VGG16, deepening the neural network architecture for audio, but not applying 

Random Forest. The evaluation used accuracy, precision, recall, F1-score, and AUC-ROC metrics with 5-fold 

stratified cross-validation. The results show that fine-tuning improved the accuracy of COVID-19 Radiography 

from 55% to 66%, with a reduction in false positives from 18% to 9%. The Chest X-Ray Pneumonia and 

Respiratory Sound datasets showed stable performance at 82% without any improvement from fine-tuning. In 

contrast, the Lung Cancer Survey dataset experienced a drastic drop from 97% to 65% due to overfitting of the 

neural network on a limited sample. These findings confirm that fine-tuning is effective for large, complex 

medical images, while conventional models are more optimal for small tabular data and simple classification 

tasks. 

Keywords: Fine-tuning; Transfer learning; Respiratory disease classification; Multi-modal deep learning; 

Medical images. 

1. Introduction 

The development of machine learning and deep learning technologies in healthcare has opened up 

significant opportunities for automated disease detection and classification. This approach is 

particularly relevant for respiratory diseases, which have a significant impact on global public health 

[1]. Diseases such as COVID-19, pneumonia, chronic obstructive pulmonary disease (COPD), and 

lung cancer can be diagnosed more quickly and accurately by integrating multi-modal data such as 

medical images (chest X-ray), respiratory sound recordings, and clinical tabular data [2],[3],[4]. This 

multi-modal approach allows for the utilization of the advantages of each modality to improve the 

accuracy and precision of diagnosis [5],[6]. 
In medical image modalities, many studies have demonstrated the effectiveness of transfer 

learning methods with pretrained models such as ResNet50 and VGG16 for chest X-ray image 

classification [7]. Data augmentation techniques play an important role in improving model 

generalization on limited medical image datasets [8]. In addition, the fine-tuning strategy on the last 

layer of the pretrained model was shown to substantially improve the model's performance in detecting 

disease-specific visual patterns [9]. 
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In audio modality, Mel-Frequency Cepstral Coefficients (MFCC) feature extraction combined 
with feedforward neural networks has been shown to be effective in identifying sound features 
associated with respiratory pathological conditions [10], [11]. This approach is able to capture the 
spectral characteristics of breath sounds that correlate with various types of lung disease. 

Meanwhile, in clinical tabular data, processing by encoding categorical variables and normalizing 
numerical features plays an important role in predicting lung disease risk through classical machine 
learning algorithms such as random forest and support vector machine [12]. Decision tree-based 
models show good performance on small-sized tabular datasets with high interpretability [13]. 

Although various studies have explored the use of deep learning in each modality separately, few 
studies have comprehensively compared the effectiveness of fine-tuning strategies against baseline 
models on various types of multi-modal medical data. This study aims to evaluate the performance of 
deep learning models with and without fine-tuning on four different datasets: X-ray images, 
respiratory sound recordings, and clinical tabular data. The evaluation was conducted to identify data 
characteristics that best suit the application of fine-tuning techniques in the context of respiratory 
disease diagnosis. 

This study uses an experimental approach to evaluate various machine learning and deep learning 
model architectures in multi-modal data-based respiratory disease classification. The research process 
includes data collection and preprocessing according to modality characteristics, model training with 
parameter optimization, and performance evaluation using accuracy, precision, recall, and F1-score 
metrics. The results are expected to provide practical guidance in selecting model training strategies 
that suit the characteristics of medical data, as well as contribute to the development of more accurate 
and efficient artificial intelligence-based respiratory disease diagnosis systems. 

2. Method 

This study uses an experimental approach to compare the performance of a baseline deep learning 
model with a model implementing a fine-tuning strategy in multi-modal data-based respiratory disease 
classification. The research flowchart is shown in Figure 1, which includes the stages of data 
collection, preprocessing, model architecture implementation, training and evaluation, and analysis of 
the results.  
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Finished

 
Figure 1. Research flow 

2.1 Data Collection 

This study uses several datasets from Kaggle for comparison. The characteristics of the dataset are 
shown in Table 1. 

Table 1. Research dataset 

Dataset Name Data Types 
Amount 
of Data 

Number 
of Classes 

Source Model Type 

COVID-19 
Radiography 

Database 

Chest X-ray Image 21165 4 Kaggle CNN (ResNet50) 

Respiratory 
Sound Database 

Audio (Breathing Sounds) 920 4 Kaggle MFCC + PNN 

Chest X-Ray 
Images 

(Pneumonia) 

Chest X-ray image 5863 2 Kaggle Random Forest 

Lung Cancer Tabular data (symptom 
and risk factor survey) 

309 2 Kaggle Random Forest 
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As shown in Table 1, this study used four datasets from various data modalities: the COVID-19 

Radiography Database [14] contains 21,165 chest X-ray images in RGB format collected 

collaboratively by Qatar University and the University of Dhaka. This dataset consists of four classes: 

COVID-19 (1,341 images), Normal (1,266 images), Viral Pneumonia (1,345 images), and Lung 

Opacity (664 images), with each image validated by a board-certified radiologist and normalized to a 

resolution of 180×180 pixels. In addition, Chest X-Ray Images (Pneumonia) [15] berfokus pada 

Binary classification of pneumonia with a total of 5,863 images curated from Guangzhou Women and 

Children's Medical Center, consisting of Normal (1,583 images) and Pneumonia (4,280 images) 

classes, which include bacterial and viral pneumonia with varying degrees of severity. In the audio 

modality, the Respiratory Sound Database [16] contains 920 breathing sound recordings in WAV 

format with a sampling rate of 22.05 kHz, collected using an electronic stethoscope from various 

anatomical locations and categorized into four classes, namely Normal (233 recordings), COPD (213 

recordings), Pneumonia (267 recordings), and ARI (207 recordings). Meanwhile, Lung Cancer Survey 

Data [17] is a tabular dataset consisting of 309 samples, including demographic variables (age and 

gender), lifestyle factors (smoking history, alcohol consumption, and occupational hazard exposure), 

clinical risk factors (genetic risk score, history of chronic lung disease, and air pollution exposure 

index), and symptom variables such as chest pain intensity, frequency of coughing up blood, and 

fatigue level. 

2.2 Data preprocessing 

The preprocessing stage is adapted to the characteristics of each data modality to ensure the 

quality of the model input [18]. The X-ray image data, the images were resized to 224×224 pixels for 

the Chest X-Ray and Lung Cancer datasets, and 180×180 pixels for the COVID-19 Radiography 

datasets. The pixel values were then normalized to the range [0,1] by dividing each value by 255. To 

improve the model's generalization ability, data augmentation was applied to the training data through 

geometric transformations, namely a shear range of 0.2, a zoom range of 0.2, and a horizontal flip 

[19]. On the respiratory audio data, Mel-Frequency Cepstral Coefficients (MFCC) feature extraction 

was performed using the Librosa library with a configuration of 40 coefficients, a window size of 

2048, and a hop length of 512 [20]. Additionally, audio amplitudes are normalized and labels are 

encoded into numeric format. Meanwhile, in tabular data, categorical variables are encoded using 

One-Hot Encoding, while numeric features are normalized with MinMaxScaler to the range [0,1] to 

maintain scale consistency between features [21], [22]. 

2.3 Model Architecture 

Two modeling approaches were applied to each dataset: a baseline model and a fine-tuned model. 

In the baseline model, the image dataset was processed using a simple Convolutional Neural Network 

(CNN) consisting of three convolutional layers with 32, 64, and 128 filters and a 3×3 kernel size, 

followed by a pooling layer and two fully connected layers. Additionally, a pretrained ResNet50 

model was used with all base model layers frozen. For the audio dataset, a feedforward neural network 

was implemented with three hidden layers of 128, 64, and 32 units and a dropout rate of 0.3. 

Meanwhile, for the tabular data, a Random Forest algorithm with 100 estimators and a max_depth of 

10 was used. 

In the fine-tuning approach, architectural adjustments are made to improve model performance 

[23]. The image dataset, fine-tuning was performed by unfreezing the last 10 layers of ResNet50 and 

VGG16 to adjust the pretrained weights to the characteristics of the target dataset. For the audio 

dataset, the feedforward neural network architecture was deepened to four hidden layers with 256, 

128, 64, and 32 units, with a dropout rate of 0.4, and early stopping with a patience of five epochs. The 

fine-tuning approach was not applied to Random Forest due to the characteristics of decision tree-

based algorithms, which are generally optimal for small tabular datasets. 

2.4 Training and evaluation 

The dataset was divided into 70% training data, 15% validation data, and 15% test data using 

stratified sampling to maintain class proportions [24]. In addition, 5-fold stratified cross-validation 

was applied to ensure the robustness of model performance, especially on datasets with limited sample 
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sizes [25]. In the training process, the Adam optimizer was used with a learning rate of 1×10⁻⁴ for the 

image model, 5×10⁻⁴ for the audio model, and 1×10⁻³ for the tabular model. The batch size was set at 

32 for the image model and 64 for the audio and tabular models. The loss function used was 

categorical cross-entropy for multiclass classification and binary cross-entropy for binary 

classification. To prevent overfitting, early stopping with a patience of five epochs was applied based 

on the validation loss, and the learning rate was scheduled using ReduceLROnPlateau with a factor of 

0.5. 

Model performance is evaluated using accuracy, precision, recall, and F1-score metrics. The use 

of F1-score is especially important in imbalanced datasets such as COVID-19 Radiography, as this 

metric represents the harmonic mean between precision and recall [26]. In addition, the Area Under 

the Curve–Receiver Operating Characteristic (AUC-ROC) is used to assess the model's ability to 

differentiate between classes, especially in binary classification [27]. The confusion matrix was also 

analyzed to identify misclassification patterns in each class [28]. All experiments were conducted 

using Python 3.8 with the TensorFlow 2.10 framework and the Keras API. Additional libraries used 

included Librosa 0.9.2 for audio processing, scikit-learn 1.1.2 for preprocessing and evaluation, and 

pandas 1.4.3 for data manipulation. The training process was run on Google Colab with a Tesla T4 

GPU to accelerate deep learning model computation. 

2.5 Analysis of results 

Confusion matrix visualization was used to analyze the distribution of model predictions for each 

class. The accuracy comparison between the baseline and fine-tuned models was visualized using a 

bar chart to identify the effectiveness of the fine-tuning strategy on various data modalities. 

Qualitative analysis was performed by comparing the characteristics of datasets that showed 

significant improvements with fine-tuning with datasets that showed no improvement or even 

decreased performance. Interpretation of the results focused on the relationship between data 

complexity, dataset size, and the effectiveness of the model training strategy. 

3. Results and Discussion 

3.1 Model evaluation results 

Performance evaluation was conducted on four datasets by comparing the baseline and fine-tuned 

models. Table 2 shows the accuracy comparison of the two approaches on each dataset. The confusion 

matrix for each dataset is visualized in Figure 2 to 5 to analyze the distribution of predictions and 

classification error patterns. 

Table 2. Comparison of baseline and fine-tuned model accuracy on four datasets 

Nama Dataset Baseline Model Fine-Tuned Model Selisih 

COVID-19 Radiography Database 55% 66% +11% 

Respiratory Sound Database 82% 82% 0% 

Chest X-Ray Images (Pneumonia) 74% 74% 0% 

Lung Cancer 97% 65% -32% 

The results in Table 2 show significant performance variation across datasets. COVID-19 

Radiography saw an 11% increase in accuracy with fine-tuning. Chest X-Ray Pneumonia and 

Respiratory Sound showed stable accuracy with no change between the two approaches. Lung Cancer 

Survey saw a drastic 32% decrease in accuracy with the fine-tuned model. 

3.2 Confusion matrix visualization 

To understand the model performance in more depth, this section displays a visualization of the 

confusion matrix on each dataset. Figure 2 shows the confusion matrix for the baseline and fine-tuned 

models on the COVID-19 Radiography dataset. The baseline model showed higher misclassification 

errors, particularly between the COVID-19 and Viral Pneumonia classes, which share similar visual 

characteristics. The fine-tuned model showed improved interclass discrimination, with a reduction in 

false positives in the COVID-19 class from 18% to 9%. Figure 3 consistent prediction distributions 
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between the baseline and fine-tuned models. Both models demonstrated 72% accuracy in 

distinguishing between the Normal and Pneumonia classes, with a false negative rate below 5%. 

 
Figure 2. Baseline and fine-tuned confusion matrix model for COVID-19 radiography dataset. 

The similar misclassification patterns across both models indicate that the additional complexity 

of fine-tuning does not provide significant benefits on this simple binary classification task. 

 
Figure 3. Confusion matrix of baseline and fine-tuned models for Chest X-Ray pneumonia dataset 

 
Figure 4. Baseline and fine-tuned confusion matrix models for the respiratory sound database 

Figure 4 the model's performance in breath sound classification. The baseline and fine-tuned 

models demonstrated identical accuracy (82%) with a similar error distribution. Misclassifications 
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occurred primarily between COPD and Normal classes (12% false positives) and between Pneumonia 

and ARI (15% misclassification), due to the high variability in breath sound characteristics between 

individuals. 

 
Figure 5. Confusion matrix of baseline and fine-tuned models for lung cancer survey data 

Figure 5 significant differences between the two models. The baseline model (Random Forest) 

demonstrated highly accurate classification with only a 3% total error. In contrast, the fine-tuned 
model (neural network) demonstrated classification errors spread across classes, with a false positive 

rate of 28% and a false negative rate of 19%, indicating overfitting to the training data. 

3.3 Discussion 

a. Effectiveness of fine-tuning on complex medical images 

An 11% accuracy improvement on the COVID-19 Radiography Dataset demonstrates the 

effectiveness of the fine-tuning strategy on highly complex medical images. This result is consistent 
with previous research that reported that transfer learning with fine-tuning can substantially improve 

medical image classification performance [29], [30]. Keberhasilan fine-tuning pada dataset ini dapat 

dijelaskan oleh tiga faktor utama. 

First, the sufficient dataset size (21,165 images) provides enough training samples to adjust the 

pretrained weights without experiencing significant overfitting [31]. Second, the high visual 

complexity of COVID-19 X-ray images including variations in ground-glass opacity, bilateral 

consolidation, and varying severity levels requires deeper and more specific feature extraction which 

can be achieved through fine-tuning the final layers of ResNet50 [32]. Third, the visual characteristics 

of COVID-19 that have similarities with Viral Pneumonia require more refined discriminative feature 

learning, which can be facilitated by fine-tuning on specific domains [33]. 

The reduction in false positives from 18% to 9% in the COVID-19 class has significant clinical 

implications. In the context of mass screening, this increased specificity could reduce the number of 

misdiagnosed patients requiring RT-PCR confirmation testing, thus optimizing the allocation of 

medical resources [34]. 

b. Performance stability on binary and audio classification datasets 

The lack of performance improvement on the Chest X-Ray Pneumonia and Respiratory Sound 

Databases indicates that additional model complexity does not necessarily correlate with improved 

accuracy. On the pneumonia dataset, the binary classification task between Normal and Pneumonia 

was relatively easy for the baseline model to distinguish due to the clear visual distinction between 

normal lungs and lungs with pneumonia infiltration [35]. Model baseline sudah mencapai akurasi 

82%, mendekati upper bound performa yang dapat dicapai dengan mempertimbangkan variabilitas 

inter-rater antar radiolog [36]. 
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On the audio dataset, the performance stability (82%) between baseline and fine-tuning can be 
explained by two factors. First, the limited dataset size (920 samples) is not sufficient to train deeper 
neural network architectures without overfitting [37]. Second, the high variability in breath sound 
recordings influenced by the anatomical location of stethoscope placement, disease severity, and 
individual patient characteristics limits the model's ability to generalize learned patterns [38]. These 
results are in line with previous research findings showing that increasing model complexity is only 
effective when supported by adequate dataset size and appropriate task complexity [39]. 
c. Overfitting on tabular data with limited samples 

The drastic drop in accuracy from 97% to 65% on the Lung Cancer Survey Data is a classic 
manifestation of overfitting in a neural network trained on a small tabular dataset [40]. With only 309 
samples, the neural network tends to memorize specific patterns in the training data rather than 
learning generalizable representations [41]. 

Random Forest, sebagai algoritma ensemble berbasis pohon keputusan, lebih robust terhadap 
overfitting pada dataset kecil karena beberapa mekanisme inherent [42]. First, bootstrap aggregating 
(bagging) reduces variance by training multiple decision trees on different data subsets. Second, 
random feature selection at each split node increases diversity among trees and reduces correlation in 
prediction errors. Third, the interpretability of Random Forest allows the identification of important 
features contributing to predictions, consistent with the medical knowledge domain [43]. 

These findings emphasize that algorithm selection must be tailored to the characteristics of the 
data. For small, tabular data with structured features, classic machine learning algorithms such as 
Random Forest, Gradient Boosting, or Support Vector Machine often provide superior performance 
compared to neural networks [44], [45]. 
d. Practical implications for the development of diagnostic systems 

The results of this study provide practical guidance in selecting a model training strategy for a 
multi-modal respiratory disease diagnosis system. Fine-tuning with transfer learning is highly 
recommended for complex medical images with medium to large datasets (>10,000 samples). For 
simple classification tasks or audio datasets with limited samples (<1,000), a baseline model with a 
simple architecture is sufficient. For clinical tabular data with limited samples, ensemble tree-based 
algorithms are more reliable and interpretable than neural networks. 

This study has several limitations that should be considered when interpreting the results. First, 
the evaluation was conducted on a public dataset that may not fully represent the variability of real-
world clinical data. Second, extensive hyperparameter tuning, which could potentially improve the 
performance of the fine-tuned model on some datasets, was not explored. Third, this study did not 
explore a multi-modal fusion approach that integrates predictions from multiple modalities to improve 
overall accuracy [46]. 

Future research could explore multi-modal ensemble architectures that combine predictions from 
image, audio, and tabular data using late fusion or meta-learning [47]. In addition, the application of 
more sophisticated data augmentation techniques to audio datasets and the exploration of few-shot 
learning to overcome the limitations of dataset size can be promising research directions [48],[49], 
[50],[51],[52],[53], [54]. 

4. Conclusion 

This study compares the performance of multi-modal deep learning models on four public 
datasets: the COVID-19 Radiography Database, the Respiratory Sound Database, the Chest X-Ray 
Images (Pneumonia), and the Lung Cancer Survey Data. Experimental results show that fine-tuning 
significantly improves accuracy on medical image datasets with high visual feature variation, such as 
the COVID-19 Radiography Database, with an accuracy increase from 55% to 66%. In contrast, fine-
tuning does not significantly improve performance on the audio and pneumonia datasets, which 
maintain stable accuracy at 82% and 89%, respectively. On the tabular Lung Cancer Survey Data 
dataset, fine-tuning actually decreases accuracy drastically from 97% to 65%, indicating overfitting in 
neural networks with limited samples. These findings suggest that the choice of architecture and 
training strategy should be tailored to the characteristics of the data modality. Fine-tuning with transfer 
learning is more effective on large and complex medical image datasets (>10,000 samples) because it 
can adapt pretrained features to the specific visual patterns of the target domain. Meanwhile, 
conventional decision tree-based models, such as Random Forest, remain suitable for tabular data or 
datasets with limited sample sizes due to their robust ensemble mechanism against overfitting and high 
interpretability. This research contributes to the development of practical model selection guidelines 
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for multi-modal respiratory disease diagnosis systems, which can assist researchers and medical 
practitioners in optimizing model training strategies according to the characteristics of the available 
data. In future research, multi-modal integration using feature-level fusion or decision-level fusion is 
recommended to combine the strengths of various modalities and improve the overall performance of 
the diagnosis system. Furthermore, exploring few-shot learning techniques and deep learning-based 
data augmentation to overcome the size limitations of audio and tabular datasets could be a promising 
research direction. 
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