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 Background: High accuracy in chest X-ray (CXR) pneumonia 
classification does not by itself show which image regions drive a 
model's decisions, and public paediatric datasets are vulnerable to data 
leakage and shortcut learning. 
Objective: This study compares VGG16 and EfficientNetB3 for 
binary Normal–Pneumonia classification and examines their outputs 
using Gradient-weighted Class Activation Mapping (Grad-CAM). 
Method: A quantitative comparative experiment used ImageNet 
weights and 224 × 224-pixel inputs. A pool of 5,242 image entries was 
stratified per image into 3,669 training, 786 validation, and 787 
internal test images. Four single-seed scenarios compared frozen 
backbones with backbones unfrozen under a last-20-layer rule. Wilson 
confidence intervals and bounded McNemar tests were derived from 
the confusion matrices. 
Results: VGG16 fine-tuning achieved 97.84% accuracy (95% CI 
96.57–98.65%), 97.26% recall, 99.51% specificity, 98.53% F1-score, 
and 0.9977 ROC-AUC, with 16 false negatives and one false positive. 
EfficientNetB3 fine-tuning achieved 95.30% accuracy and 0.9963 
ROC-AUC, with 37 false negatives and no false positives; the accuracy 
difference remained significant under all compatible discordance 
patterns (p ≤ 0.009). Several Grad-CAM heatmaps showed strong 
activations at image borders. 
Conclusion: VGG16 fine-tuning performed best in this preliminary 
experiment, but border activations and per-image splitting indicate 
possible shortcut learning. Patient-level splitting, the original test set, 
multiple seeds, and external validation are required. 

 

INTRODUCTION 
Pneumonia remains a leading infectious cause of death in early childhood. The World 

Health Organization, (2022) reported that pneumonia killed 740,180 children under five 
years of age in 2019, accounting for 14% of all deaths in this age group. UNICEF, (2019) 
estimated that approximately 19,000 Indonesian children under five died of pneumonia 
in 2018, placing Indonesia among the countries with the highest absolute number of child 
pneumonia deaths. Chest radiography is commonly used to support the diagnosis of 
pneumonia, and standardized criteria for interpreting paediatric chest radiographs have 
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been established under the coordination of the World Health Organization (Cherian et al., 
2005).  

However, the interpretation of these images requires trained readers whose 
availability is uneven. Indonesia had 2,161 registered radiologists for a population of 
about 276 million people living across more than 17,000 islands, with radiologists 
concentrated in Java and Sumatra and in short supply in remote provinces (Yunus, 2024). 
This gap motivates research on automated CXR classification as a potential decision-
support tool, provided that its performance and reasoning are evaluated rigorously. 

Chest X-ray (CXR) images are widely used in pneumonia classification research 
because they allow the development of models that group images according to visual 
patterns. Jain et al. (2020) demonstrated the application of several convolutional neural 
network (CNN) architectures to Normal and Pneumonia classification. However, success 
in separating labels on a particular dataset needs to be assessed in a measurable way. High 
accuracy does not explain all characteristics of a model, particularly when the class 
distribution is imbalanced or when the research data differ from the intended conditions 
of use. 

Public datasets allow experiments to be documented and compared with previous 
studies. A paediatric CXR dataset with Normal and Pneumonia classes was also used by 
Saboo et al. (2023). The dataset was originally released by Kermany et al. (2018), together 
with a separate test partition of 624 images from patients not included in the training 
partition. Reusing data is relevant for comparative evaluation, but the contribution of a 
study must lie in a clear research question and evaluation design. Merging folders and re-
splitting the data are evaluation-protocol decisions; they do not create a new dataset and 
do not by themselves constitute evidence of novelty. 

VGG16 and EfficientNetB3 were selected because of their different architectural 
designs. Shaikh et al. (2023) described the stacked 3 × 3 convolutions of VGG16 and the 
use of the EfficientNet family in pneumonia classification. The VGG16 architecture itself 
was introduced by Simonyan and Zisserman (2015) as a deep network built from small 
stacked convolutional filters. Chowdhury et al. (2021) discussed compound scaling in 
EfficientNet, which balances network depth, width, and resolution. The compound 
scaling principle and the EfficientNet family, including EfficientNetB3, were originally 
proposed by Tan and Le (2019). VGG16 provides a comparator with a regular 
convolutional structure, whereas EfficientNetB3 represents a family designed with 
parameter efficiency in mind.  

These characteristics form the basis for empirical testing without assuming the 
superiority of either model in advance. Transfer learning allows weights trained on 
ImageNet to be used as a starting point. Rahman et al. (2020) tested the transfer of 
pretrained features to pneumonia classification, whereas Avola et al., (2022) evaluated 
the transfer-learning capability of a range of CXR architectures. Shaikh et al. (2023) 
described freezing the backbone and training new layers for the target task.  

This study compares frozen and unfrozen backbone configurations in a preliminary 
experiment; differences in results are interpreted according to how the models were 
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actually trained rather than assumed to be the effect of a single isolated factor. A predicted 
class and its output score do not reveal which parts of an image support the model's 
decision. Grad-CAM uses the gradients of the target score with respect to the feature maps 
to produce a map of spatial contributions, as described by Chowdhury et al. (2021).  

The original formulation of Grad-CAM was introduced by Selvaraju et al. (2017). 
Mahmud et al. (2020) combined a multi-dilation CNN with Grad-CAM for pneumonia 
classification, whereas Saporta et al. (2022) compared several interpretability techniques. 
Visual explanations support the analysis of model behaviour, but activations that appear 
to lie within the lungs do not in themselves prove that a lesion has been localized 
correctly. Three closely related studies define the position of this research. Jain et al. 
(2020) compared VGG16, VGG19, ResNet50, and InceptionV3; Mahmud et al. (2020) 
examined a multi-dilation CNN with Grad-CAM; and Chowdhury et al. (2021) evaluated 
EfficientNet variants from B0 to B5. None of these studies focused on the VGG16–
EfficientNetB3 pair under the four scenarios used here.  

Other developments include an explainable transformer ensemble (Ukwuoma et al., 
2023) and Vision Transformers for pneumonia (Okolo et al., 2022). The position of this 
study is limited to the selected comparison and is not claimed to be the first such 
comparison worldwide.A further concern is that many studies on this paediatric dataset 
report near-perfect accuracy, which should be interpreted with caution. Deep networks 
are prone to shortcut learning, that is, the use of spurious cues that perform well on test 
data drawn from the same distribution but fail to transfer to new conditions (Geirhos et 
al., 2020).  

In CXR analysis, Zech et al. (2018) showed that pneumonia models could exploit 
hospital-specific image characteristics and generalized less well to external sites, whereas 
DeGrave et al., (2021) showed that radiographic classifiers relied on laterality markers, 
text annotations, and regions outside the lung fields rather than on pathological signal. 
Data leakage creates a related bias: when images from the same patient are distributed 
across training and test partitions, the test set no longer measures generalization to new 
patients. Accordingly, the novelty of this study does not lie in a new dataset or 
architecture, but in a transparent comparison of the VGG16–EfficientNetB3 pair under 
four freezing scenarios that reports error counts, confidence intervals, training behaviour, 
and Grad-CAM evidence of possible shortcut cues together with the limitations of the 
implementation.  

This study aims to compare the performance of VGG16 and EfficientNetB3 under 
frozen and unfrozen backbone configurations and to examine their patterns of visual 
contribution using Grad-CAM. The analysis uses the outputs of a preliminary experiment 
with one seed and one fixed split. Its contribution consists of a comparison of metrics, 
error counts, training behaviour, and visual inspection, reported together with the 
limitations of the implementation. The study is restricted to binary classification on a 
paediatric dataset and does not address stand-alone diagnosis, pathogen identification, or 
the assessment of pneumonia severity. 
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METHOD 
Experimental Design 

This study used a quantitative approach with a comparative experimental design. The 
treatment variables were the backbone architecture and the layer-freezing configuration. 
The outcomes compared were classification metrics, error counts, the actual number of 
epochs, and the recorded training time. The Normal label was coded as 0 and Pneumonia 
as 1. All four scenarios used the same split with seed 42. Results come from a single run 
of each scenario; no averaging across seeds or significance testing was performed. 
Significance testing was not part of the original training pipeline; post hoc confidence 
intervals and bounded McNemar tests were subsequently derived from the stored 
confusion matrices, as described in the Evaluation and Experiment Records subsection. 
Data Source and Image Records 

The data were obtained from the Chest X-Ray Images (Pneumonia) dataset uploaded 
by Paul Mooney to Kaggle (https://www.kaggle.com/datasets/paultimothymooney/chest-
xray-pneumonia). The origin of the images, namely paediatric anterior–posterior 
radiographs of children aged one to five years from Guangzhou Women and Children's 
Medical Center, is also described by Saboo et al. (2023). The dataset was originally 
published by Kermany et al. (2018). In the source repository, Pneumonia file names 
encode a patient identifier (e.g., personNNN_bacteria_NNNN), so a patient-grouped split 
is technically feasible; this identifier, however, was not used in the preliminary 
experiment reported here. The link is given to identify the data source, not as a new 
publication.  

The notebook collected JPG, JPEG, and PNG paths from the Normal and Pneumonia 
folders. The reported counts follow the notebook output and do not represent the number 
of unique patients. The output recorded 5,242 entries from the source train and val folders 
and 624 entries from the original test folder, which were kept separate. In total, 5,866 
entries were counted, which differs from the figure of 5,863 given in the proposal and the 
source description. The notebook did not store a comprehensive audit that could explain 
this difference. No evidence of duplicate-hash checking, label-conflict checking, or 
patient separation was available for this experiment.  

The counts are therefore treated as numbers of image entries in the output and are not 
claimed to be numbers of audited unique images. A comparison with the folder counts of 
the source repository (train: 1,341 Normal and 3,875 Pneumonia; val: 8 Normal and 8 
Pneumonia; 5,232 images in total) shows that the Normal count of the pool (1,349) 
matches exactly, whereas the Pneumonia count (3,893) exceeds the expected 3,883 by 10 
entries. Plausible sources are hidden system files (e.g., __MACOSX copies) or a nested 
duplicate folder captured by the recursive path search. This could not be verified 
retrospectively because no hash-based duplicate audit was stored; the 10 surplus entries 
(0.19% of the pool) are therefore reported as an unresolved data-integrity issue. 
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Data Splitting in the Preliminary Experiment 
The notebook merged the source train and val folders and then applied a two-stage 

train_test_split with label stratification and random_state 42. The first stage separated 
70% of the data for training and 30% as temporary data. The second stage divided the 
temporary data equally into validation and internal test sets. The result was 3,669 training 
images, 786 validation images, and 787 internal test images (Table 1). Stratification kept 
the class proportions approximately equal across subsets, but it does not guarantee the 
separation of patient identities. The 624 images from the original test folder were 
collected separately.  

The evaluation function that produced the metrics reported in this article used 
X_test_split, namely the internal test set of 787 images. Therefore, the result tables are 
not reported as an evaluation on the original 624-image test set or as the result of re-
merging all source train, val, and test partitions. The training data were used to optimise 
model parameters, the validation data to monitor training and select checkpoints, and the 
internal test data to compute classification results. No patient-group manifest was 
available in this output.  

Re-splitting all partitions and repeating the experiment with several seeds are planned 
developments and are not presented as procedures that produced the preliminary results. 
Because the original 624-image test folder was drawn from patients who are not 
represented in the source training partition (Kermany et al., 2018), it is the appropriate 
primary held-out test for the repeated experiment. In contrast, the internal test set of the 
present run may contain images from patients who also contributed training images, 
which can inflate all reported metrics. 

Table 1. Distribution of image entries in the source train+val pool 
Partition Normal Pneumonia Total Share of pool 
Training 944 2,725 3,669 69.99% 
Validation 202 584 786 14.99% 
Internal test 203 584 787 15.01% 
Total pool 1,349 3,893 5,242 100% 

Source: Data Processed 

Preprocessing and Architecture 
Images were read as three-channel JPEGs and resized to 224 × 224 pixels. The code 

used vgg_preprocess for VGG16 and eff_preprocess for EfficientNetB3; in the 
EfficientNetB3 model, rescaling is built into the called architecture. These details are part 
of the implementation configuration of this study. Both models received inputs of the 
same size, so the results do not represent the optimal resolution of each architecture. A 
shared input size was also used in the CXR experiments of Shaikh et al. (2023). The 
notebook applied augmentation only to the training data, comprising horizontal 
RandomFlip, RandomRotation(0.08), RandomZoom(0.08), RandomContrast(0.1), and 
RandomBrightness(0.15). In Keras, a rotation factor of 0.08 is a fraction of a full turn, 
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that is, approximately ±28.8°, not ±8°. The code applied model preprocessing before per-
batch augmentation.  

This order is recorded as a limitation because the brightness transformation, with its 
default value range of 0–255, was not adjusted to the value space produced by VGG 
preprocessing. The validation and test data were not augmented. Because Keras VGG16 
preprocessing converts images to mean-centred BGR values, whereas EfficientNetB3 
preprocessing passes pixel values through unchanged and rescales them inside the model, 
this ordering affected the VGG16 scenarios more than the EfficientNetB3 scenarios. In 
the repeated experiment, augmentation should be applied to raw pixel values before 
model-specific preprocessing, and the rotation factor should be reduced to a 
radiographically plausible range (e.g., 0.028, approximately ±10°). 

Because the Pneumonia class dominated the training set, class weights were 
computed from the training data using the balanced weighting in Equation (1), where N 
is the number of training images, K is the number of classes, and nc is the number of 
training images in class c. With N = 3,669, K = 2, nNormal = 944, and nPneumonia = 2,725, 
this gives weights of 1.9433 for Normal and 0.6732 for Pneumonia. The weights increase 
the contribution of the minority Normal class to the binary cross-entropy loss without 
changing the number of images. 

wc = N / (K × nc) (1) 

Both architectures used ImageNet weights without their original classifiers. The head 
consisted of Global Average Pooling, Batch Normalization, a Dense layer of 256 units 
with ReLU, Dropout 0.5, a Dense layer of 128 units with ReLU, Dropout 0.3, and a single 
sigmoid output neuron. In the transfer-learning (TL) scenarios, the whole backbone was 
frozen. In the fine-tuning (FT) scenarios, the backbone was made trainable and all layers 
before the last 20 layers were frozen again. Because the VGG16 backbone has fewer than 
20 layers, this rule unfroze the entire VGG16 backbone; its coverage is therefore not 
equivalent to the last 20 layers of EfficientNetB3. Batch Normalization layers in the 
backbone were not specifically frozen in the FT scenarios. The four scenarios are 
summarized in Table 2. 

Table 2. Training scenarios compared 
Scenario Architecture Treatment 
S1 VGG16 Backbone frozen; head trained from scratch. 
S2 VGG16 New model with ImageNet weights; the rule of unfreezing 

the last 20 layers covers the entire backbone. 
S3 EfficientNetB3 Backbone frozen; head trained from scratch. 
S4 EfficientNetB3 New model with ImageNet weights; the last 20 backbone 

layers unfrozen. 
Source: Data Processed 

Training Configuration 
Each of the four scenarios called the model-building function separately. S2 did not 

load the S1 checkpoint and S4 did not load the S3 checkpoint, so the term FT in this 
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article refers to training with an unfrozen backbone starting from ImageNet weights. The 
results are not interpreted as the effect of continuing training from the same TL model. 
All models were optimized using Adam and binary cross-entropy, and checkpoint 
selection monitored the highest validation AUC. The full configuration is presented in 
Table 3. Staged fine-tuning, in which the FT model is initialized from the TL checkpoint 
and the backbone Batch Normalization layers are kept frozen, was not performed in this 
run and is reserved for the repeated experiment. 

Table 3.  Experimental configuration 
Component Configuration in the preliminary experiment 
Seed 42; one run per scenario 
Batch size and optimizer 32; Adam 
Loss function Binary cross-entropy; class weights from the training set 
Maximum epochs TL 20; FT 30; models built separately 
Initial learning rate TL 0.001; FT 0.0001 
Checkpoint selection Highest validation AUC 
EarlyStopping Monitor val_auc; patience 5; restore best weights 
ReduceLROnPlateau Monitor val_loss; patience 3; factor 0.5; minimum 

0.0000001 
Classification threshold 0.5 

Source: Data Processed 

Evaluation and Experiment Records 
Evaluation used the same 787 internal test images for all scenarios, with Pneumonia 

as the positive class. A true positive (TP) is a pneumonia image predicted as pneumonia; 
a true negative (TN) is a normal image predicted as normal; a false positive (FP) is a 
normal image predicted as pneumonia; and a false negative (FN) is a pneumonia image 
predicted as normal. The sigmoid output was thresholded at 0.5. This score is not treated 
as a calibrated clinical probability. 

Accuracy measures the proportion of all correct predictions. Precision is the 
proportion of TP among all positive predictions. Recall, or sensitivity, is the proportion 
of TP among all pneumonia images. Specificity is the proportion of TN among all normal 
images. The F1-score is the harmonic mean of precision and recall for the Pneumonia 
class. These metrics are defined in Equations (2)–(6). 

 Accuracy = (TP + TN) / (TP + TN + FP + FN) (2) 
 Precision = TP / (TP + FP) (3) 
 Recall = TP / (TP + FN) (4) 
 Specificity = TN / (TN + FP) (5) 
 F1 = 2 × Precision × Recall / (Precision + Recall) (6) 

ROC-AUC was computed from the continuous scores using scikit-learn; this value 
is distinguished from the Keras AUC approximation used to monitor training. Metrics are 
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reported as single-run values for each scenario rather than as mean ± standard deviation. 
Accuracy, precision, recall, specificity, and F1-score are expressed as percentages, and 
ROC-AUC on a 0–1 scale. Differences between scenarios are discussed descriptively in 
percentage points. No significance testing or conclusions about stability across seeds were 
made.Two post hoc analyses were added to quantify uncertainty using only the stored 
prediction counts.  

First, 95% confidence intervals for accuracy, precision, recall, and specificity were 
computed with the Wilson score method (Wilson, 1927), which remains valid for 
proportions close to 100%. Second, paired differences in accuracy between scenarios 
were assessed with the exact McNemar test (McNemar, 1947). Because the per-image 
agreement between two models cannot be recovered from aggregated confusion matrices, 
the number of discordant images was bounded: if model A made d more correct 
predictions than model B, the number of images misclassified only by A could range from 
zero to the smaller of the total errors of A and the total errors of B minus d.  

The exact McNemar p-value was computed for every admissible discordance pattern, 
and a difference was considered robust only when the largest compatible p-value was 
below the Bonferroni-adjusted threshold of 0.0167 for three planned comparisons. These 
analyses quantify the uncertainty of a single run on the internal test set and do not replace 
multi-seed or patient-level evaluation. The experiment was run on Google Colab using 
Python and TensorFlow/Keras. The output showed TensorFlow 2.20.0 and the device 
/physical_device:GPU:0. The Python version, Keras version, physical GPU model, and 
execution date were not printed in the log and are therefore not specified. The reported 
times are the durations of model.fit as measured by the notebook, not inference 
benchmarks or measures of efficiency across devices. 

 
Grad-CAM Analysis 

Grad-CAM was computed on block5_conv3 for VGG16 and on top_conv for 
EfficientNetB3. The gradients were spatially averaged and then used to weight the feature 
maps, followed by ReLU and map normalization, in line with the Grad-CAM description 
in Chowdhury et al. (2021). The procedure follows the original formulation of Selvaraju 
et al. (2017). For a feature map Ak of layer k and the target score yc, the channel weight 
and the class activation map are computed as in Equations (7) and (8), where Z is the 
number of spatial positions in the feature map. 

 αkc = (1/Z) Σi Σj ∂yc / ∂Aijk (7) 
 LGrad-CAMc = ReLU(Σk αkc Ak) (8) 

The notebook implementation always used the single sigmoid channel predictions[:, 
0], that is, the Pneumonia score. Consequently, maps for samples predicted as Normal 
still display contributions to the Pneumonia score and are not described as Normal-target 
maps. Visualization used models S2 and S4 after weight selection based on validation. 
The samples were the first two Normal images and the first two Pneumonia images in the 
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internal test order; they were neither random samples nor a selection covering all TP, TN, 
FP, and FN groups.  

Both models were applied to the same four images. For the visual panels, images 
were resized using PIL, whereas the evaluation pipeline used TensorFlow; panel scores 
are therefore not assumed to be identical to the last digit with those of the evaluation 
pipeline. The maps were overlaid on the images with a coefficient of 0.4. The analysis 
discusses the location of activations and the possible contribution of image borders or 
markers. Intensities were normalized per map, so colour is not used to measure absolute 
strength across models. No lesion annotations or physician assessments measuring the 
accuracy of activation locations were available. The Grad-CAM assessment is therefore 
qualitative. 

 
RESULTS AND DISCUSSION 
Data Distribution and Completeness of Results 

The pool of 5,242 entries comprised 1,349 Normal and 3,893 Pneumonia images. 
The Pneumonia class accounted for about 74.27% of the pool and the Normal class for 
about 25.73%. A similar distribution was maintained in each subset, as shown in Table 1. 
The Normal class received a larger weight because it contained fewer images. Applying 
class weights changes the contribution to the loss during training and does not change the 
number of original images. 

All four scenarios had stored test results. S1 ran for six epochs, S2 for 14 epochs, S3 
for 20 epochs, and S4 for 21 epochs. Weights were restored from epochs 1, 9, 15, and 16, 
respectively, based on validation AUC. These outputs come from the completed 
preliminary experiment, which differs from a later multi-seed revision experiment that 
was interrupted. No additional evaluation on the original 624-image test set is included 
in the summarized results. 
Comparison of Classification Performance 

Table 4 shows the test results on 203 Normal and 584 Pneumonia images. VGG16 
FT obtained the highest accuracy, recall, F1-score, and ROC-AUC. EfficientNetB3 TL 
and FT reached 100% precision and specificity on this test set because they produced no 
FP. These 100% values apply to the composition of this test set and do not imply error-
free performance in other populations. 

 
Table 4. Results on the Internal Test Set of 787 Images with Seed 42 

Metric VGG16 TL VGG16 FT B3 TL B3 FT 
Accuracy (%) 91.99 97.84 93.65 95.30 
Precision (%) 94.38 99.82 100.00 100.00 
Recall (%) 94.86 97.26 91.44 93.66 
Specificity (%) 83.74 99.51 100.00 100.00 
F1 Pneumonia (%) 94.62 98.53 95.53 96.73 
ROC-AUC 0.9719 0.9977 0.9937 0.9963 

Note. TL = transfer learning with a frozen backbone; FT = fine-tuning with an unfrozen backbone; 
B3 = EfficientNetB3. 
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VGG16 FT was 5.85 percentage points higher in accuracy and 3.91 points higher in 
F1-score than VGG16 TL. EfficientNetB3 FT was 1.65 points higher in accuracy and 
1.20 points higher in F1-score than EfficientNetB3 TL. Compared with EfficientNetB3 
FT, VGG16 FT was 2.54 points higher in accuracy, 3.60 points higher in recall, and 1.80 
points higher in F1-score. Conversely, the specificity of VGG16 FT was 0.49 points 
lower. The results show a trade-off between recognizing pneumonia and producing false 
positives within the same run, without demonstrating a statistically significant advantage. 

 
Table 5. Prediction counts on the internal test set 

Scenario TN FP FN TP 
VGG16 TL 170 33 30 554 
VGG16 FT 202 1 16 568 
EfficientNetB3 TL 203 0 50 534 
EfficientNetB3 FT 203 0 37 547 

Source: Data Processed 

Compared with VGG16 TL, VGG16 FT reduced the number of FN from 30 to 16 
and the number of FP from 33 to one. EfficientNetB3 FT reduced FN from 50 to 37 
compared with EfficientNetB3 TL, while FP remained zero. When the two FT models 
are compared, VGG16 recognized 21 additional Pneumonia images at the cost of one 
additional FP. This difference explains why the accuracy and recall of VGG16 FT were 
higher, even though the specificity of EfficientNetB3 FT was higher. 

In a screening-oriented reading of these results, false negatives are usually the more 
consequential error because a missed pneumonia image would not be flagged for further 
review. From this perspective, the reduction of FN in VGG16 FT is the most practically 
relevant difference between the two fine-tuned models. However, this interpretation 
depends on the intended use, the decision threshold, and the prevalence of pneumonia in 
the target population. Because all scores were thresholded at 0.5 and were not calibrated, 
the observed balance between FN and FP should not be generalized to other thresholds 
or settings. 
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Training Behaviour and Computational Requirements 

 
Figure 1. Stored training curves of the four scenarios. The epoch axis in the figure starts from 

index 0, whereas epochs in the text are counted from 1 
 

The training curves (Figure 1) show decreasing training loss in all four scenarios, 
whereas the validation curves of VGG16 fluctuated more strongly. In S2, validation 
accuracy moved from 43.38% in the first epoch, fell to 42.88% in epoch 5, and then 
reached 96.82% in epoch 9. Although epoch 14 had a validation accuracy of 97.84%, the 
checkpoint was restored from epoch 9 because the selection criterion was validation AUC 
rather than validation accuracy. In S1, epoch 1 was the best checkpoint and training 
stopped at epoch 6. This situation shows the importance of distinguishing between the 
last epoch and the checkpoint that is actually evaluated. 

The S2 validation accuracy of 43.38% in the first epoch is below the majority-class 
rate of the validation set (584/786 = 74.30%), indicating that the model temporarily 
assigned most validation images to the Normal class. Together with the selection of epoch 
1 as the best S1 checkpoint, this pattern points to training instability rather than gradual 
convergence. Three implementation factors may have contributed: the brightness 
augmentation applied after VGG16 preprocessing, which could shift mean-centred inputs 
outside the range seen by the pretrained filters; the class weight of 1.9433 assigned to the 
Normal class, which amplifies the loss of minority-class errors while the head is still 
random; and the full unfreezing of the VGG16 backbone.  

In the EfficientNetB3 scenarios, preprocessing leaves pixel values in their original 
range, so the brightness transformation operated on the intended scale, which is consistent 
with their smoother validation curves. The relative contribution of these factors cannot be 
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isolated from a single run and requires the repeated experiment with the corrected 
augmentation order. The large validation fluctuations of S2 are consistent with fully 
unfreezing a deep backbone while a randomly initialized head is trained at the same time, 
without freezing Batch Normalization statistics. Under these conditions, early updates 
can disturb pretrained representations before the head has stabilized. EfficientNetB3, in 
which only the last 20 layers were unfrozen, showed smoother validation curves. These 
observations are descriptive and do not isolate the effect of any single factor, because the 
scenarios differ simultaneously in the number of trainable layers, learning rate, and epoch 
budget. 

The TL model summaries recorded 14,881,089 total parameters for VGG16, of 
which 165,377 were trainable, and 11,216,176 parameters for EfficientNetB3, of which 
429,569 were trainable. The fit durations of S1, S2, S3, and S4 were 1,399.9; 1,529.1; 
1,709.0; and 1,781.6 seconds, respectively. These durations follow different actual 
numbers of epochs and may have been affected by data access and environment 
initialization. The timing results are therefore insufficient to determine which architecture 
is faster under equivalent conditions. 

Visual Interpretation and Relation to Previous Studies 
All four visualization samples were classified according to their labels by both 

models. For the two Normal images, the VGG16 Pneumonia scores were 0.13 and 0.03, 
whereas those of EfficientNetB3 were 0.00 and 0.04 after rounding to two decimals. For 
the two Pneumonia images, the VGG16 scores were 1.00 and 0.96, whereas those of 
EfficientNetB3 were 1.00 and 0.76. These values are the scores shown in the visualization 
panels, not measures of diagnostic certainty. The samples contain only correct predictions 
and do not represent all error patterns. 
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Figure 2. Original notebook visualization for two Normal and two Pneumonia samples. All 
heatmaps target the Pneumonia score, including those for Normal predictions. Colours are 

retained for reading the heatmaps 

In the VGG16 panels (Figure 2), strong activations appear at the lateral edges and 
corners of the images, including in Pneumonia samples. EfficientNetB3 showed a more 
central area in one Pneumonia sample, but also activations at the edges or corners of other 
samples. Attention to the background is relevant to the experiment of Maguolo and Nanni 
(2021), which assessed the influence of image background on COVID-19 pneumonia 
identification. Panwar et al. (2020) developed lesion visualization based on Grad-CAM, 
whereas Saporta et al. (2022) examined the gap between classification performance and 
the localization reliability of saliency maps. The higher classification results in this study 
therefore do not prove more accurate localization. 

These border and corner activations are regarded here as a central finding rather than 
a minor qualification. Comparable patterns have been documented as shortcut cues in 
CXR models: Zech et al. (2018) found that pneumonia classifiers exploited hospital-
specific image features, and DeGrave et al., (2021) showed that radiographic classifiers 
relied on laterality markers, text annotations, and regions outside the lung fields. In the 
present experiment, the combination of per-image splitting and border-focused 
activations means that part of the high internal accuracy may derive from acquisition-
related cues rather than parenchymal findings. Because only four correctly classified 
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images were inspected, this effect cannot be quantified from the current output. A 
systematic assessment, such as measuring the proportion of Grad-CAM energy inside 
lung masks across all test images or retraining with lung-masked inputs, is required in the 
repeated experiment. 

Activations at borders and corners may reflect non-anatomical cues such as laterality 
markers, text overlays, or differences in image framing between classes. Such shortcut 
cues can inflate internal test performance without corresponding to the radiological signs 
of pneumonia, which is one reason why background effects have been examined 
explicitly in previous work (Maguolo & Nanni, 2021). Lung segmentation is a possible 
way to restrict the input to the anatomical region of interest, but it represents a different 
pipeline from the one evaluated here: Liu et al. (2022) tested an improved U-Net for CXR 
lung segmentation, whereas Teixeira et al. (2021) tested the effect of lung segmentation 
on CXR classification and its explanations. Neither approach was applied in this 
experiment, and neither is assumed to have improved the reported results. 

The comparison with Jain et al. (2020) focuses on VGG16 as a CNN comparator; 
that with Mahmud et al. (2020) on Grad-CAM analysis; and that with Chowdhury et al. 
(2021) on EfficientNet backbone comparison and Grad-CAM computation. Avola et al., 
(2022) also reported comparisons of architectures, execution time, and visualization. 
Numerical differences across studies must take into account the split, data audit, 
preprocessing, and evaluation protocol. Hwang et al. (2019) showed the importance of 
external validation against a reference standard in clinical evaluation; the public-dataset 
results reported here are not equivalent to such clinical validation. 

The results also need to be read against the original benchmark. Kermany et al. 
(2018) reported an accuracy of 92.8% for pneumonia detection on the patient-separated 
624-image test set. The higher accuracy of VGG16 FT in this study (97.84%) was 
obtained on a per-image internal split and is therefore not directly comparable; the gap is 
consistent with the optimistic bias expected when images from the same patient can 
appear in both training and test partitions (Zech et al., 2018). Likewise, studies on this 
dataset that report accuracies close to 100% should be interpreted in light of their splitting 
protocol and of the shortcut cues described by (DeGrave et al., 2021). Evaluation on the 
original test folder is therefore necessary before the ranking of the two architectures can 
be regarded as a generalizable finding. 

Limitations 
This study used a single paediatric data source and a single training seed. Splitting 

was performed per image without verification of patient separation, so the presence of 
duplicates or the same patient across partitions cannot be ruled out. The discrepancy 
between the number of entries and the source description has not been resolved. The 
results are therefore not yet a patient-based estimate of generalization or an external 
validation, and they cannot be generalized to adult patients or other facilities. 

The preliminary implementation also has limitations: augmentation was applied after 
model preprocessing; a rotation factor of 0.08 corresponds to approximately ±28.8°; FT 
models were built separately rather than continued from TL checkpoints; and the rule of 



 
Satrya Permana 

 

 
Available online a https://ajosh.org/jsh/index 220 

 

unfreezing the last 20 layers has a different scope in each architecture and does not 
specifically lock backbone Batch Normalization. In FT, the head was trained from scratch 
at the same time as the unfrozen backbone layers. Differences in results may have been 
influenced by a combination of these factors, the learning rate, and the epoch budget. 
Grad-CAM evaluated only four correct predictions with the Pneumonia score as the 
target, without lesion annotations or expert assessment. 

CONCLUSION 
This study compared VGG16 and EfficientNetB3 under frozen and unfrozen 

backbone configurations for paediatric CXR pneumonia classification. On the internal 
test set, VGG16 FT performed best, with 97.84% accuracy, 97.26% recall, 98.53% F1-
score, and 0.9977 ROC-AUC, and its accuracy advantage over EfficientNetB3 FT 
remained significant under all compatible McNemar bounds. EfficientNetB3 FT 
produced no false positives but 37 false negatives. Fine-tuned configurations 
outperformed frozen-backbone configurations for both architectures, although each 
model was trained separately rather than through staged fine-tuning. Grad-CAM showed 
that correct predictions were not always supported by lung-centred activations, and border 
activations suggest possible shortcut learning. The findings therefore constitute 
preliminary evidence, not clinical readiness. Future work should apply patient-grouped 
splitting, evaluate the original 624-image test set, correct the augmentation order, and 
repeat training with several random seeds. 
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