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1. Introduction

Respiratory diseases such as pneumonia, tuberculosis (TB), and COVID-19 remain major
global health threats. Pneumonia is one of the leading causes of death in children under five [1], TB 
continues to report more than 5 million new cases annually [2], and the COVID-19 pandemic has 
caused unprecedented mortality worldwide [3]. Chest X-ray imaging is a widely accessible and 
essential tool for pulmonary disease diagnosis [4], yet manual interpretation is time-consuming and 
subject to inter-observer variability, motivating the adoption of deep learning for automated 
diagnosis [5]. 

Early studies often emphasized binary classification tasks such as COVID-19 vs. normal, 
achieving very high accuracy [6], [7], but performance generally declined when extended to 
multiclass classification [8], [9]. A persistent barrier is class imbalance, where minority diseases 
such as TB or COVID-19 are underrepresented. Preprocessing approaches including SMOTE [10], 
undersampling [11], ADASYN [12], and hybrid resampling [13], improved recall in some cases but 
may not reflect real-world data distributions. By contrast, algorithm-level strategies such as cost-
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sensitive learning [14], Focal Loss [15], Class-Balanced Loss [16], and Batch-Balanced Focal Loss 
[17] have demonstrated more robust improvements for imbalanced clinical datasets.

Architectural advances further shaped pulmonary disease detection. Hybrid deep learning
models such as CNN–LSTM [18] and CNN–ELM [19] achieved strong accuracy in multiclass 
classification, while ensemble CNNs [20] and DenseNet–ResNet hybrids (e.g., DenResCov-19) 
reported up to 95% accuracy [9]. Multimodal concatenation approaches have also been explored. 
For example, combined CT and X-ray modalities to classify two classes (Normal vs. COVID-19), 
achieving 99.87% accuracy using cross-entropy loss [21]. Similarly, concatenated Xception and 
ResNet50V2 for COVID-19 vs. pneumonia classification [22]. However, these datasets were 
balanced and binary, which do not capture the complexity of real-world multiclass diagnosis. 

Interpretability is also a critical requirement for clinical application. Explainable AI (XAI) 
techniques such as Grad-CAM [23], Score-CAM [24], and Guided Grad-CAM [25] provide visual 
justifications for model predictions, enhancing clinician trust. Broader surveys confirm that XAI 
remains underdeveloped in multiclass medical imaging tasks [26], [27]. 

Despite these advances, several research gaps remain. First, most works emphasize binary 
classification, whereas clinical practice demands multiclass diagnosis [6], [9]. Second, reliance on 
preprocessing-based balancing may distort clinical data distributions [10], [12]. Third, while 
multiclass frameworks exist [9], [19], [21], they often fail to achieve balanced sensitivity across 
minority classes. Finally, the integration of interpretability into multiclass deep learning remains 
limited [23], [26]. 

To address these gaps, this study proposes a feature-concatenated CNN architecture (VGG19 + 
DenseNet121) optimized with Multiclass Focal Loss. Unlike prior works that relied on single 
architectures or binary tasks, the proposed model (1) tackles multiclass classification of Normal, 
Pneumonia, TB, and COVID-19 under severe imbalance, (2) applies loss-function-level 
optimization to enhance minority sensitivity, and (3) integrates Grad-CAM visualizations for 
interpretability consistent with radiologic findings. VGG19 is well-suited for fine-grained 
pulmonary texture detection, while DenseNet121 improves feature reuse and gradient propagation; 
concatenation strengthens representation learning. Multiclass Focal Loss further emphasizes hard-
to-classify minority cases, aligning with real-world data distributions [15], [16], [28]. By 
combining these strategies, this study contributes one of the first frameworks that jointly addresses 
multiclass imbalance, accuracy, and clinical interpretability in chest X-ray diagnosis. 

The main contributions of this study are threefold: (1) the design of a feature-concatenated 
dual-backbone architecture that leverages complementary strengths of DenseNet121 and 
VGG19/ResNet50 to enrich representation learning, (2) the application of Multiclass Focal Loss (γ 

= 2, α computed automatically from class distribution) to mitigate severe class imbalance and 

improve sensitivity to minority classes, and (3) a comprehensive evaluation in a realistic multiclass 
setting, supported by Grad-CAM visualizations to verify that model attention aligns with clinically 
relevant lung regions. 

2. Method

This study adopts a structured workflow for multiclass classification of pulmonary diseases
using chest X-ray images. The process begins with dataset acquisition and partitioning into 
training, validation, and testing subsets. Prior to modeling, all images are preprocessed through 
resizing to 224 × 224 pixels and intensity normalization to [0,1], ensuring consistency across 
inputs. The core architecture integrates a feature-concatenated network of DenseNet121 and 
VGG19, selected for their complementary feature extraction capabilities. To address the inherent 
class imbalance, the model is trained with Multiclass Focal Loss, which dynamically emphasizes 
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minority classes. Model performance is assessed using accuracy, precision, recall, F1-score, and 
AUC-ROC, providing a comprehensive evaluation of classification effectiveness. Finally, to 
enhance interpretability and clinical trust, Grad-CAM visualizations are generated, highlighting the 
lung regions most influential in the model’s decision-making process. 

Fig 1. Research Flow Diagram 

2.1. Data Acquisition 

The dataset used in this study consists of chest X-ray images categorized into four main 
classes: pneumonia, tuberculosis, COVID-19, and normal. The dataset was obtained from Kaggle 
under the name Chest X-Ray (Pneumonia, COVID-19, Tuberculosis)[29]. It comprises a total of 
approximately 7,135 labeled images, annotated by expert radiologists, this imbalance was 
deliberately preserved to reflect real-world clinical data distribution. as shown in Table 1. 

Table 1. Distribution Dataset 

Class Frequency Percentage 

Pneumonia 4273 59.90% 

Tuberculosis 703 9.85% 

COVID-19 576 8.07% 

Normal 1583 22.19% 
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2.2. Data Preprocessing 

Data preprocessing is a critical stage to ensure that the input images are structured, 
standardized, and suitable for deep learning model training and evaluation. In this study, a total of 
7,135 chest X-ray images comprising Pneumonia, COVID-19, Tuberculosis, and Normal cases 
were obtained from publicly available Kaggle repositories. Preprocessing was implemented using 
the ImageDataGenerator module in Keras, which normalized pixel intensities to the [0,1] range and 
facilitated dataset partitioning into training, validation, and testing subsets. The 
flow_from_directory method automated the loading process by reading folder structures that 
represented each class and converting the labels into numerical form through one-hot encoding. 

All images were resized to 224 × 224 pixels to match the input requirements of the CNN 
architectures employed in this study, ensuring uniform input dimensions across all samples and 
enabling consistent training. The parameter class_mode='categorical' was specified to activate the 
multiclass label format, while shuffle=True was applied to the training subset to improve 
generalization and reduce overfitting. For validation and test subsets, shuffle=False was used to 
preserve the sequence of data during evaluation. 

This preprocessing strategy standardized the dataset, reduced variability across inputs, and 
promoted robust model generalization to unseen samples, thereby supporting effective and reliable 
multiclass classification of pulmonary diseases. 

2.3. Concatenated CNN 

The proposed concatenated CNN architecture is designed to exploit the complementary 
strengths of DenseNet121 and VGG19 for multiclass classification of chest X-ray images. Input 
images are resized to 224 × 224 pixels with three channels (RGB) to align with the input 
requirements of both backbones. 

In the first stage, both DenseNet121 and VGG19 perform parallel feature extraction. 
DenseNet121 employs dense connectivity, where each layer receives feature maps from all 
preceding layers, facilitating efficient information flow and reducing parameter redundancy. In 
contrast, VGG19 applies a series of 3×3 convolutional filters in a structured deep architecture, 
enabling the extraction of fine-grained and complex visual patterns in medical images. 

Following feature extraction, Global Average Pooling (GAP) is applied to transform feature 
maps into one-dimensional vectors that summarize filter responses. Batch normalization is then 
used to stabilize and accelerate convergence, while dropout regularization mitigates overfitting. 
Each branch is followed by fully connected (dense) layers that refine the extracted representations. 

The feature vectors from DenseNet121 and VGG19 are subsequently merged through a 
concatenation layer, forming a richer and more representative combined feature space. This joint 
representation is passed to a final dense layer with a softmax activation function, producing class 
probabilities for the four diagnostic categories: Pneumonia, Tuberculosis, COVID-19, and Normal. 

By integrating DenseNet121’s efficient information reuse with VGG19’s stable hierarchical 

feature extraction, the concatenated architecture enhances representational capacity and is expected 
to improve classification performance, particularly for underrepresented classes. The workflow of 
the proposed model is illustrated in Figure 2. 
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Fig 2. Workflow of the Concatenated CNN Architecture. 

An essential strategy employed in the proposed architecture is class weighting, which addresses 
the problem of dataset imbalance. This approach assigns higher weights to minority classes during 
training while reducing the weights for majority classes, ensuring that errors on underrepresented 
categories have a greater impact on the optimization process. As a result, the model is encouraged 
to focus more on difficult and minority cases, thereby improving sensitivity across all classes. 

In this study, class weighting is realized through the use of Focal Loss, a loss function 
originally introduced for binary classification of dense object detection. Focal Loss modifies the 
standard cross-entropy loss by introducing a modulating factor that reduces the relative loss 
contribution of well-classified examples, allowing the model to concentrate on hard-to-classify 
samples. To extend its applicability to this work, Focal Loss is adapted into a multiclass 
formulation by integrating the categorical cross-entropy function. This Multiclass Focal Loss 
dynamically adjusts the contribution of each class based on both prediction difficulty and class 
imbalance, providing a more effective optimization strategy for real-world multiclass medical 
imaging tasks. 

2.4. Evaluation Model 

The method used to measure the performance of a classification model, which includes 
actual and predicted outcomes, is the confusion matrix. A confusion matrix is a matrix used to 
evaluate a classifier’s performance that can be used to evaluate the performance of a predictor[31]. 

Accuracy is the most commonly used metric for evaluating classification performance. It 
estimates the probability that the predicted class label matches the actual class label[32]. The 
formula for calculating accuracy is shown in Equation (1). 

 × 100%      (1) 

Precision measures how accurately a model predicts the positive class. The formula for precision 
is presented in Equation (2). 
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 × 100% (2)

Recall or sensitivity measures the completeness or accuracy of positive information retrieved by 
the system compared to the total amount of actual positive information[32]. The calculation of 
sensitivity is shown in Equation (3). 

 × 100% (3) 

F1 score indicates perfect recall and precision, whereas a lower F1 score suggests a lack of recall 
or precision. The F1 score is evaluated as shown in Equation (4). 

 × 100%               (4)

AUC-ROC is an evaluation metric used to measure a model's ability to distinguish between 
positive and negative classes in binary or multiclass classification tasks (using a one-vs-all 
approach). 
The ROC Curve is a plot that illustrates the relationship between the True Positive Rate (TPR) 
(Recall) on the Y-axis, as defined in Equation (5), and the False Positive Rate (FPR) on the X-
axis, as shown in Equation (6). 

TPR (Recall): 

(5) 

FPR: 

(6) 

This study did not employ questionnaires or expert assessments; all model decisions and 
evaluations were based solely on quantitative measures, including classification metrics and Grad-
CAM analyses. 

2.5. Grad-CAM Visualization 

Gradient-weighted Class Activation Mapping (Grad-CAM) is employed in this study to 
enhance the interpretability of the proposed model. Grad-CAM generates a class-discriminative 
heatmap that highlights the regions of an image most influential to the model’s prediction, thereby 

providing insight into the decision-making process of the CNN. The technique works by computing 
the gradients of the target class score with respect to the feature maps in the final convolutional 
layer. These gradients are used as weights to combine the feature maps, resulting in an activation 
map that emphasizes class-relevant regions. The activation map is then superimposed on the 
original chest X-ray, producing a heatmap visualization that indicates areas most critical for 
classification. 

This method provides important benefits in medical imaging. It enables clinicians to verify 
whether the model attends to clinically relevant lung regions rather than artifacts, while also 
improving the transparency and reliability of predictions. By linking model performance with 
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interpretability, Grad-CAM supports greater trust and acceptance of AI-assisted diagnosis. The 
visualization workflow is illustrated in Figure 3. 

Fig 3. Grad-CAM Visualization Workflow[30] 

3. Results and Discussion

3.1.  Data Preprocessing 

The preprocessing stage consisted of two main steps: resizing and normalization. First, all chest 
X-ray images were resized to 224 × 224 pixels to match the input requirements of the CNN
architectures employed in this study. Second, pixel intensity values were normalized from the
original range of [0, 255] to [0, 1] using the parameter rescale=1./255 in the Keras
ImageDataGenerator. This normalization ensured a uniform distribution of pixel values, enabling
the model to learn more stably and efficiently. An example of the preprocessing results is
illustrated in Figure 4.
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Fig 4. Chest X-ray preprocessing results: (a) and (c) before preprocessing, (b) and (d) after preprocessing 
(resize 224×224 and normalization). 

Visually, the left column of Figure 4 presents the original chest X-ray images prior to 
preprocessing, where image dimensions varied and pixel values were unnormalized. The right 
column shows the processed images with standardized dimensions and normalized intensity values. 
Despite resizing and scaling, the essential diagnostic features remain intact, indicating that the 
applied preprocessing steps effectively prepare the data for model training without compromising 
clinically relevant details. 

3.2.  Impact of Focal Loss on Model Performance 

Focal Loss is a loss function specifically designed to address the issue of class imbalance, 
which was a notable challenge in this study. The distribution of training samples was skewed, with 
Tuberculosis and COVID-19 classes containing substantially fewer images than Pneumonia and 
Normal. To mitigate this limitation, a Multiclass Focal Loss was employed with a focusing 
parameter γ = 2.0 and class weights (α) automatically computed using the compute_alpha() 

function. Mechanistically, Focal Loss extends the standard cross-entropy by incorporating a 
focusing factor that reduces the relative contribution of well-classified (easy) samples while 
amplifying the penalty for hard-to-classify samples. The compute_alpha() function assigns weights 
inversely proportional to class frequencies, ensuring that minority classes (e.g., Tuberculosis and 
COVID-19) receive greater emphasis. These weights are normalized so that the total gradient 
contribution remains stable, thereby directing updates toward underrepresented classes without 
destabilizing the optimization process. 

1) Baseline without Focal Loss

When trained with standard cross-entropy loss, the DenseNet121 model achieved an
overall accuracy of 0.83 and a macro recall of 0.82. Class-specific results revealed the underlying 
imbalance: Pneumonia achieved high recall (0.95) but lower precision (0.82) due to false positives, 
while COVID-19 and Normal showed poor recall (0.67 and 0.66, respectively). Tuberculosis 
reached perfect recall (1.00) but very low precision (0.61), indicating frequent misclassifications. 
These outcomes highlight the tendency of cross-entropy loss to favor majority classes, reducing 
sensitivity for minority categories. Detailed performance metrics are provided in Table 2. 

Table 2. Baseline without Focal Loss 

Class Precision Recall F1-score 

COVID-19 0.95 0.67 0.78 

Normal 0.88 0.66 0.76 

Pneumonia 0.82 0.95 0.88 

Tuberculosis 0.61 1.00 0.76 

Accuracy 0.83 

Macro Avg 0.81 0.82 0.79 

Weighted Avg 0.84 0.83 0.82 

2) Baseline with Focal Loss

Applying Multiclass Focal Loss to the DenseNet121 model led to a clear improvement in
overall performance, particularly in clinically critical metrics. The model’s accuracy increased 

from 0.83 to 0.87, while macro recall rose from 0.82 to 0.88. Recall for COVID-19 showed the 
most substantial gain, rising from 0.67 to 0.92, and Normal also improved from 0.66 to 0.79, 
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significantly reducing false negatives in these vital categories. Pneumonia achieved a more 
balanced trade-off, with precision at 0.90 and recall at 0.89, while Tuberculosis retained high recall 
(0.93) alongside improved precision (0.72). These findings confirm that Multiclass Focal Loss 
effectively mitigates class imbalance by enhancing sensitivity for minority classes without 
sacrificing overall performance. The detailed improvements are presented in Table 3. 

Table 3. Baseline with Focal Loss 

Class Precision Recall F1-score 

COVID-19 0.82 0.92 0.87 

Normal 0.86 0.79 0.83 

Pneumonia 0.90 0.89 0.90 

Tuberculosis 0.72 0.93 0.81 

Accuracy 0.87 

Macro Avg 0.83 0.88 0.85 

Weighted Avg 0.87 0.87 0.87 

3) Class-wise Delta Improvement

A direct comparison between the two training scenarios demonstrates how Multiclass
Focal Loss shifts the model toward higher sensitivity for minority and clinically significant classes. 
COVID-19 recall increased by 0.25, and Normal improved by +0.13, substantially reducing false 
negatives in these categories. Tuberculosis showed a slight decrease in recall (−0.07) but gained 

significantly in precision (+0.11), while Pneumonia experienced a minor drop in recall (−0.06) 

accompanied by improved precision. Overall, these adjustments resulted in a more balanced 
performance profile across all four classes. Detailed class-wise precision, recall, and F1-scores are 
provided in Table 4. 

Table 4. Class-wise Delta Improvement between Cross-Entropy and Multiclass Focal Loss 

Class Support Recall (CE) 
Recall 

(Focal) 
Δ Recall F1 (CE) F1 (Focal) Δ F1 

COVID-19 106 0.67 0.92 +0.25 0.78 0.87 +0.09

Normal 234 0.66 0.79 +0.13 0.76 0.83 +0.07

Pneumonia 390 0.95 0.89 −0.06 0.88 0.90 +0.02

Tuberculosis 41 1.00 0.93 −0.07 0.76 0.81 +0.05

Overall, the integration of Multiclass Focal Loss with class distribution–based α weighting 

substantially improved the balance between precision and recall across all categories, resulting in 
an increase of +0.06 in macro recall and +0.04 in accuracy. This outcome indicates that the model 
became less biased toward majority classes and more effective in recognizing minority cases such 
as COVID-19 and Tuberculosis. From a clinical perspective, this improvement is particularly 
important, as it reduces false negatives in critical disease categories and thereby enhances the 
reliability and applicability of automated diagnosis in real-world medical settings. 

3.3.  Model Evaluation Results 

Testing was performed on fourteen model configurations, comprising both single models and 
concatenated models. The single models employed a single pretrained CNN backbone, whereas the 
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concatenated models combined two distinct architectures through feature-level concatenation to 
enhance representational capacity. The complete set of evaluated model combinations is presented 
in Table 5. 

Table 5. Performance comparison of single and concatenated CNN models 

Model Accuracy Precision Recall F1-Score AUC-ROC Time 
Time without 

FL 
DenseNet121 84% 85% 84% 84% 96% 18:30.54 19:44.84 

VGG19 82% 82% 82% 81% 95% 22:12.79 25:27.23 

VGG16 84% 85% 84% 84% 96% 19:42.28 24:19.73 

ResNet50 78% 80% 78% 78% 94% 18:21.11 26:14.75 

InceptionV3 79% 80% 79% 79% 94% 19:31.16 27:35.79 

Xception 83% 84% 83% 83% 95% 17:22.14 20:34.16 

DenseNet121 + VGG19 86% 87% 86% 86% 97% 36:27.96 37:54.27 

DenseNet121 + VGG16 87% 87% 87% 87% 97% 34:55.69 35:57.81 

DenseNet121 + InceptionV3 85% 85% 85% 85% 96% 26:32.16 29:01.56 

DenseNet121 + Xception 86% 87% 86% 86% 97% 26:45.70 26:01.41 

VGG19 + ResNet50 84% 84% 84% 83% 96% 32:34.17 33:38.43 

VGG19 + InceptionV3 83% 84% 83% 82% 96% 34:55.03 33:35.72 

VGG19 + Xception 85% 86% 85% 84% 96% 35:41.77 34:28.94 

VGG16 + ResNet50 87% 88% 87% 87% 97% 39:31.56 33:51.29 

Based on the experimental results, the concatenated models generally outperformed the single 
backbones, confirming the advantage of combining complementary feature extractors. The VGG16 
+ ResNet50 and DenseNet121 + VGG16 architectures achieved the highest accuracy of 87%, with
precision (88%), recall (87%), and F1-score (87%) showing a well-balanced performance profile.
Both models also reached an AUC-ROC of 97%, indicating excellent capability in distinguishing
between disease categories. These findings suggest that feature-level concatenation enriches image
representation, allowing the model to capture both fine-grained textures and deep contextual
patterns, which is particularly valuable in multiclass settings.

Nevertheless, some single models also demonstrated competitive performance. For instance, 
DenseNet121 and VGG16 achieved 84% accuracy, precision and recall in the 84–85% range, and 
an AUC-ROC of 96%. Although slightly lower than concatenated models, these results highlight 
that single models remain viable, especially when computational efficiency is prioritized, since 
they require fewer parameters and shorter training times. 

Overall, the consistent performance gains observed in concatenated models underline the 
importance of leveraging complementary architectures in multiclass classification of imbalanced 
chest X-ray datasets. Unlike binary studies that often report near-perfect accuracy under balanced 
conditions, the present results demonstrate that hybrid models are more robust in complex 
multiclass scenarios, achieving both high accuracy and balanced sensitivity. From a clinical 
standpoint, this improvement is meaningful, as it reduces the risk of misdiagnosis across minority 
classes such as COVID-19 and Tuberculosis, thereby enhancing the reliability of AI-assisted 
diagnostic support. 
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To complement the quantitative performance metrics, AUC-ROC curves and confusion 
matrices were generated to provide a more detailed evaluation of class-wise performance. These 
visualizations help illustrate the distribution of prediction errors and reveal the sensitivity of the 
models to each disease category. The analysis focused on the three best-performing models 
DenseNet121, DenseNet121 + VGG16, and VGG16 + ResNet50, which consistently achieved 
optimal results across accuracy, precision, recall, F1-score, and AUC-ROC. 

The purpose of this analysis is to assess how effectively each model distinguishes between 
classes and to identify patterns of recurring false positives and false negatives. The confusion 
matrices for the three models are presented in Figure 5, offering a granular view of classification 
outcomes and class-specific diagnostic strengths and limitations. 

(a) DenseNet121 (b) DenseNet121 + VGG16

(c) VGG16 + ResNet50
Fig 5. Confusion matrices of the evaluated models: (a) DenseNet121 single model, (b) DenseNet121 + 

VGG16 concatenated model, and (c) VGG16 + ResNet50 concatenated model. 

Figure 5 illustrates the progressive improvement in classification performance from single to 
concatenated models. In Figure 5(a), the single DenseNet121 model achieved satisfactory overall 
accuracy but exhibited a tendency to overpredict the Pneumonia class while misclassifying 
minority categories such as Tuberculosis. This reflects the bias of single backbones toward 
majority classes, leading to clinically concerning errors. 

In Figure 5(b), the concatenated DenseNet121 + VGG16 model produced a more balanced 
prediction distribution, with reduced misclassifications and improved sensitivity to minority 
classes. This improvement stems from the complementary strengths of the two backbones: VGG16 
effectively captures fine-grained textures, while DenseNet121 provides deeper feature 
representation. Consequently, recall for COVID-19 and Tuberculosis increased, while 
overprediction of Pneumonia decreased. 
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Further enhancement is shown in Figure 5(c) with the VGG16 + ResNet50 model, which 
demonstrated greater stability and consistency across all classes. This model achieved a more 
balanced trade-off between precision and recall and yielded lower overall misclassification rates. 
Importantly, false negatives for COVID-19 and Tuberculosis, two clinically critical classes were 
significantly reduced. 

Overall, these results confirm that the concatenation strategy not only improves global 
evaluation metrics (recall and AUC-ROC) but also distributes errors more evenly across classes, 
thereby enhancing the robustness and reliability of deep learning–based clinical decision support 
systems. 

In addition to categorical evaluation metrics, Receiver Operating Characteristic (ROC) curves 
and Area Under the Curve (AUC) values were generated to assess the sensitivity of each model to 
individual classes. The ROC curve illustrates the trade-off between the true positive rate (TPR) and 
the false positive rate (FPR) across varying decision thresholds, while the AUC provides a 
quantitative measure of overall discriminative ability. A higher AUC indicates stronger 
performance in distinguishing between disease categories. The ROC-AUC results for the evaluated 
models are presented in Figure 6. 

(a) DenseNet121 (b) DenseNet121 + VGG16

(c) VGG16 + ResNet50
Fig 6. Multiclass ROC Curves: (a) DenseNet121, (b) DenseNet121 + VGG16, (c) VGG16 + ResNet50 

Figure 6 presents the ROC curves for both single and concatenated models. In Figure 6(a), the 
single DenseNet121 model achieved strong AUC values between 0.92 and 0.99, although slight 
variations across classes reflected residual imbalance in sensitivity. In Figure 6(b), the concatenated 
DenseNet121 + VGG16 model demonstrated more dominant ROC curves, with AUC values 
consistently above 0.94 and peaking at 1.00, indicating improved stability and generalization. 
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Similarly, Figure 6(c) shows that the VGG16 + ResNet50 model maintained stable performance, 
with AUC values ranging from 0.95 to 1.00 across all categories. 

These results confirm that concatenated models consistently outperform single architectures 
by reducing inter-class variability and enhancing sensitivity to minority classes. This improvement 
underscores that concatenation not only raises accuracy but also strengthens the model’s 

generalization ability across multiple pulmonary disease categories. While the proposed dual-
backbone (DenseNet121 + VGG19) was the main focus, other concatenated models such as 
VGG16 + ResNet50 also achieved comparable performance, underscoring the general effectiveness 
of the concatenation strategy. 

To evaluate the stability of the proposed approach, three independent training runs with 
different random seeds were performed for the best single and concatenated models. The results are 
reported as mean ± standard deviation for accuracy, macro-F1, and macro-AUC. As shown in 
Table 6, the variance across runs was minimal, confirming that the models produced consistent 
results and that the improvements were not due to chance. 

Table 6. Performance across three repeated runs (mean ± SD) for selected models 

Models Accuracy Macro-F1 Macro-Recall Macro-AUC 

DenseNet121 
(single) 0.83 ± 0.01 0.82 ± 0.02 0.82 ± 0.02 0.96 ± 0.01 

DenseNet121 + 
VGG16 0.87 ± 0.01 0.87 ± 0.01 0.88 ± 0.01 0.97 ± 0.01 

VGG16 + 
ResNet50 0.87 ± 0.01 0.87 ± 0.02 0.87 ± 0.01 0.97 ± 0.01 

The low variance across runs confirms the robustness of the models. Importantly, the 
concatenated architectures achieved higher macro-recall (0.87–0.88) than the single DenseNet121 
model (0.82), highlighting their superior ability to detect minority classes such as COVID-19 and 
Tuberculosis. 

Based on the overall experimental evaluation, several key findings can be summarized: 

1) Multiclass Focal Loss substantially improved recall for minority classes (COVID-19
and Normal), reducing false negatives while maintaining overall accuracy.

2) Concatenated architectures (DenseNet121 + VGG16, VGG16 + ResNet50)
consistently achieved higher macro-recall (0.87–0.88) compared to single models
(0.82), balancing sensitivity across all classes.

3) Concatenation also boosted macro-F1 and AUC, confirming that complementary
feature extraction enriches representation and improves classification robustness.

4) Grad-CAM visualizations revealed consistent attention to clinically relevant lung
regions, thereby enhancing interpretability and clinical trust.

5) Repeated training runs produced stable results with low variance, proving that the
improvements were consistent and not dependent on a single experimental setup.

Following these findings, we further analyzed the training dynamics, convergence stability, 
and generalization ability of the models using accuracy and loss curves across training epochs. 
These visualizations provide additional evidence on hyperparameter suitability, overfitting risks, 
and the effect of concatenation on convergence speed and generalization. The complete results are 
presented in Figure 7. 

Wahyu Ajitomo et al (Evaluation Of A Feature-Concatenated Model For Multiclass)



14 ISSN 2579-7298 International Journal of Artificial Intelegence Research 
Vol. 9, No. 2, December 2025

(a) DenseNet121

(b) DenseNet121 + VGG16

(c) VGG16 + ResNet50
Fig 7. Training and Validation Performance: (a) DenseNet121, (b) DenseNet121 + VGG16, (c) VGG16 + 

ResNet50 

Figure 7(a) shows that the single model DenseNet121 quickly reached stable validation 
accuracy at approximately 0.87. The parallel decline of training and validation loss with only a 
small gap suggests stable convergence and the absence of overfitting. However, the test recall 
(84%) and AUC (0.96) indicate that, despite good generalization, the model still struggled with 
minority classes, reflecting its bias toward majority categories. In Figure 7(b), the concatenated 
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DenseNet121 + VGG16 model converged faster and maintained validation accuracy at 0.87, with 
validation loss consistently below training loss. The narrow training–validation gap demonstrates 
strong generalization capacity. This is reinforced by higher test recall (87%) and AUC (0.97), 
showing that concatenation reduced false negatives in clinically critical classes such as COVID-19 
and Tuberculosis. Figure 7(c) illustrates the VGG16 + ResNet50 model, which achieved gradual 
improvement in validation accuracy approaching 0.90, while validation loss steadily decreased 
with only minor mid-epoch fluctuations. The close alignment of training and validation curves 
indicates reliable convergence without overfitting. On the test set, this model also reached a recall 
of 87% and an AUC of 0.97, confirming its robustness and balanced performance across classes. 

Taken together, these results highlight that while single backbones can achieve stable 
convergence, concatenated models provide faster learning, improved generalization, and superior 
sensitivity to minority classes. This directly addresses the imbalance challenge and enhances the 
clinical reliability of automated chest X-ray classification. Overall, the accuracy–loss curves 
demonstrate that all evaluated models converged stably, maintained small training–validation gaps, 
and avoided overfitting. Importantly, concatenated models not only delivered higher recall and 
AUC but also preserved robust generalization throughout training, confirming their superiority over 
single backbones in multiclass chest X-ray classification. 

As a final step, Grad-CAM visualizations were generated to interpret the spatial focus of the 
models during chest X-ray classification. These heatmaps not only provide insight into the regions 
most influential for prediction but also allow evaluation of whether the models rely on clinically 
relevant features. 

For this analysis, the three best-performing models DenseNet121, DenseNet121 + VGG16, 
and VGG16 + ResNet50, were selected based on their consistent performance in accuracy, F1-
score, and AUC-ROC. The visualization results are presented in Figure 8. 

(a) DenseNet121 (b) DenseNet121 + VGG16
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(c) VGG16 + ResNet50

Fig 8. Grad-CAM visualizations of the best-performing models: (a) DenseNet121, (b) DenseNet121 + 
VGG16, (c) VGG16 + ResNet50. The first row shows correct predictions, while the second row shows 
misclassified cases 

Figure 8 presents Grad-CAM visualizations from the three best-performing models applied to 
chest X-ray images labeled as Normal. In Figure 8(a), the single DenseNet121 model primarily 
highlighted the central and upper lung fields, but several activations extended outside the lungs, 
such as the chest wall and shoulders, which led to misclassifications such as tuberculosis for a 
normal case, indicating that the single backbone is more prone to attending irrelevant regions. 

In Figure 8(b), the VGG16 + ResNet50 model displayed a more centralized and symmetrical 
activation pattern, with stronger focus on the lung parenchyma, particularly posterior regions; this 
pattern was relatively stable and clinically consistent, although a misclassification as COVID-19 
occurred. In Figure 8(c), the DenseNet121 + VGG16 model exhibited the most evenly distributed 
activations, concentrating on the hilar and lower lung zones that are clinically relevant, and despite 
one misclassification as COVID-19, the model consistently prioritized lung-related areas rather 
than peripheral artifacts. Overall, these findings demonstrate that concatenated models not only 
achieved higher accuracy but also produced more clinically meaningful attention compared to 
single backbones, thereby reducing reliance on irrelevant regions and reinforcing their potential as 
reliable decision-support tools in medical imaging. 

4. Conclusion

Through a series of repeated experiments, the proposed feature-concatenated dual-backbone
combined with Multiclass Focal Loss consistently improved macro-F1 and macro-AUC while 
reducing false negatives in minority classes. These gains were stable across multiple runs and 
further validated by Grad-CAM, which confirmed that the models focused on clinically relevant 
lung regions. 

This study has demonstrated that concatenating CNN architectures (DenseNet121, VGG16, 
and ResNet50) with Multiclass Focal Loss provides an effective solution for multiclass lung 
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disease classification under imbalanced conditions. The approach improved sensitivity and AUC, 
particularly for minority classes such as Tuberculosis and COVID-19, thereby reducing clinically 
critical false negatives. Focal Loss emphasized underrepresented categories without destabilizing 
training, while concatenated architectures accelerated convergence and enhanced generalization. 
Grad-CAM visualizations confirmed that the models attended to clinically relevant lung regions, 
strengthening both interpretability and clinical trust. 

Despite these promising results, the study is limited by the use of a relatively small, publicly 
available dataset, restriction to X-ray modality, and increased computational demands of 
concatenated models. Future studies should validate performance on larger and more diverse 
datasets, apply domain adaptation to improve generalizability, and evaluate integration into clinical 
workflows with radiologists. Extending interpretability with quantitative uncertainty measures and 
improving efficiency through pruning, compression, or knowledge distillation will be important for 
real-world deployment. Strengthening these aspects will further support the use of deep learning as 
a trustworthy clinical decision-support tool for early and accurate lung disease diagnosis. 
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