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Pneumonia is a serious lung infection in which early detection can improve the outcomes, but manual interpretation in
diagnosing the decease by using radiographs can be time-consuming and dependent on clinical workload and expertise. This
study compares two deep learning approaches Convolutional Neural Networks (CNNs) and Vision Transformers (ViT-style
models) — to diagnose pneumonia from chest X-ray images. A publicly available dataset was used of this study. Both models
were trained until convergence using validation-loss-based early stopping with checkpoint selection (best epochs: CNN = 9,
ViT = 28). The CNN model achieved 0.8958 accuracy (TN = 174, FP = 60, FN = 5, TP = 385), while the ViT model achieved
0.8494 accuracy (TN = 156, FP = 78, FN = 16, TP = 374) on the held-out test set. Both models achieved with high pneumonia
recall, but normal-case recall was lower which indicated ongoing false positive risk. There are limitations include pediatric-only
data, down sampling to 224 x 224, and evaluation on a single split; the external validation and higher-resolution testing are
needed before clinical deployment.
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Introduction

Pneumonia is a potentially fatal lung infection that must be
detected early. Pneumonia is a disease that spreads mainly
through droplets; this, in turn, makes pneumonia a highly con-
tagious disease. People who have pneumonia have lungs that
fill up with fluid!, and they have trouble breathing. It is usu-
ally very common in children and people whose bodies are
less developed. Pneumonia is the world’s leading cause of
death among children under 5 years of age, accounting for
14% of all deaths of children under 5 years old' and it killed
more than 740,180 children in 2019. Pneumonia could spread
through viruses and bacteria. Pneumonia’s effects vary by per-
son. For example, people who are frequent smokers are more
likely to be more severely affected by pneumonia. Chest X-
rays are commonly used for diagnosis, but interpreting them
can be challenging. Artificial Intelligence (AI) and machine
learning models, particularly CNNs, can assist radiologists by
automating this process. A Convolutional Neural Network
(CNN) is a type of machine learning model. It usually works
with tasks like image recognition, object detection, and im-
age segmentation. It works by taking in images as numerical
datasets. These datasets are in the form of pixels. The CNN
model was first introduced for image recognition by Lecun
et al.> A CNN model is excellent at analyzing image data.
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A CNN model can learn automatically from raw data. CNN
models trained on large-scale datasets have demonstrated high
performance>. Another type of machine learning approach
we used was ViT. ViT stands for Vision Transformer. ViT
emerged as a direct competitor to CNNs. ViT was introduced
in 2021, and its main functions include object detection, im-
age classification, and action recognition. The ViT model in-
troduced a transformer-based architecture which showed com-
petitive performance against CNNs*.

This study compares two deep learning approaches Convo-
lutional Neural Networks® (CNNs) and Vision Transformers©
(ViT-style models) to diagnose pneumonia from chest X-ray
images. We evaluate the following research question: Which
Al model provides more reliable performance for pneumo-
nia diagnosis on pediatric chest X-rays, a CNN or a ViT-
style model? Using a publicly available dataset of 5,863 la-
beled X-ray images, we train and evaluate both models un-
der a consistent protocol, including the same input resolution
and class-imbalance handling. We also use a test-set-only re-
porting strategy. The model selection was performed using
validation-based early stopping and checkpointing. This work
reports performance comparison using classification metrics
and confusion-matrix error patterns. We also discuss impor-
tant limitations, including the pediatric-only nature of the data
and potential information loss from down sampling.
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Methods

Dataset

The normal chest X-ray (left panel) depicted clear lungs with-
out any areas of abnormal opacification in the image. Bacterial
pneumonia (middle) typically exhibited a focal lobar consol-
idation, in this case in the right lobe (white arrow), whereas
viral pneumonia (right) manifests with a more diffuse “inter-
stitial” pattern in both lungs (Illustrative Examples of Chest
X-Rays in Patients with Pneumonia, figure 1)

A publicly available dataset” of 5863 labeled X-rays (Nor-
mal vs Pnuemonia) was used for this study. The dataset was
split into train (n = 4,616), validation (n = 616), and test
(n = 624). The class distribution in each split was as follows:
Train-Normal: 1,041 (22.6%), Pneumonia: 3,575 (77.4%);
Validation-Normal: 308 (50.0%), Pneumonia: 308 (50.0%);
Test-Normal: 234 (37.5%), Pneumonia: 390 (62.5%). For
improving fairness and reproducibility, both models used the
same input resolution (224 x 224), consistent preprocessing,
class-imbalance handling via class-weighted training, and a
test-set-only reporting strategy.

CNN Model Architecture

The CNN model® was implemented in Python using with Ten-
sorFlow/Keras to classify the chest X-ray images into NOR-
MAL vs PNEUMONIA. The X-ray images were loaded from
separate training, validation and testing folders (each contain-
ing NORMAL and PNUEMONIA subfolders) and were re-
sized to a consistent 224 x 224 input resolution, and they were
preprocessed using a consistent normalization scheme (in-
cluding an ImageNet-style normalization option to align pre-
processing across models). The training augmentation (e.g.,
horizontal flips and geometric transforms such as zoom/shear)
was applied to the training split only, while validation and test
X-ray images were evaluated without augmentation to ensure
a clean assessment on unseen data. The CNN architecture
used stacked Conv2D + MaxPooling feature extractors, fol-
lowed by Flatten, Dropout, and Dense layers with a sigmoid
output for the binary classification, and it was trained using
Adam (learning rate = 1 x 10~*. batch size = 32, Maximum
epochs = 200, patience = 10) and binary cross-entropy. To
address class imbalance, the program script computed and ap-
plied class weights from the training labels. Training was per-
formed until convergence using early stopping monitored on
validation loss, with ModelCheckpoint saving the best model
at the epoch with the lowest validation loss (best epoch = 9)
was saved and ReduceLROnPlateau was used to lower the
learning rate when validation loss stopped improving. The fi-
nal performance was computed strictly on the held-out data set
by using a classification report and confusion matrix, and the
workflow also includes learning-curve plots (accuracy/loss),

misclassification inspection, inference-time measurement, and
Grad-CAM visualization for interpretability.

ViT Model Architecture

The ViT-style model was implemented in PyTorch using Hug-
ging Face and a lightweight transformer architecture based
on DeiT-Small (patch size 16, input 224 x 224) configured
for binary classification (Normal vs Pneumonia). The dataset
was loaded from separate training, validation and test fold-
ers (each containing NORMAL and PNEUMONIA subfold-
ers) and the script prints the totals and class percentages for
reproducibility. All images were resized to 224 x 224 size
and normalized by using the model’s AutolmageProcessor
mean/std (ImageNet-style normalization), and the data aug-
mentation (random horizontal flips and small rotations) was
applied only to the training set and not to the validation and
test sets. For addressing the class imbalance, class weights
were computed from the training labels and they were in-
corporated into a weighted CrossEntopyLoss. For compu-
tational efficiency on CPU, the program script freezes the
transformer backbone and trains the classifier head only (UN-
FREEZE LAST N_BLOCKS = 0), while still report total vs
trainable parameters (21,666,434 total parameters, 770 train-
able parameters, and 21,665,664 frozen parameters). A ViT-
style model is evaluated in transfer-learning mode (pretrained)
and clearly report that this uses ImageNet pretraining; com-
parison should be interpreted accordingly. Trainings ran up
to a maximum of 50 epochs (batch size = 64, learning rate
= 5x 1074, patience = 5) but training was performed un-
til convergence using early stopping based on the validation
loss (with patience and the minimum improvement threshold)
and saving the best checkpoint when validation loss improves
and reducing the learning rate by using ReduceLROnPlateau.
Then the program was designed to reload the best checkpoint
and evaluate strictly on the held-out test set, producing the
classification report, confusion matrix (with plots), learning
curves plot (train/val accuracy and loss), a list of misclassified
examples list and inference time per image measurement for
computational cost reporting.

Results

We developed the CNN and ViT models in Python. We trained
the Models and tested by using the dataset of X-ray images.
We obtained the Plots, classification report and confusion ma-
trix from these models to compare the performance of these
models in diagnosing the Pneumonia by the X-ray images.

Plot analysis

Figure 2 shows that the training and the validation accuracy
and loss curves for both of the CNN and ViT models. Based on
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Normal Bacterial Pneumonia Viral Pneumonia

Figure. 1 Illustrative Examples of Chest X-Rays in Patients with Pneumonia, The X-ray images of normal and Pneumonia cases from the
dataset
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Figure. 2 Training and validation accuracy Curves: CNN vs ViT models trained until convergence using early stopping

the early stopping by using the validation loss, Both the mod- creased ~ 0.96 by the later epochs. The validation curve was
els were trained until the convergence. The best epochs are consistently high (roughly ~ 0.95 to ~ 0.97) and stayed close
selected as check points where the validation loss is the low- to the training curve. This indicates the stable generalization
est (Best epoch of CNN =9 and best epoch of ViT = 28). The in the run. The loss curves show convergence, with training
CNN curve shows that the early learning was rapid. The train- loss decreasing steadily and validation loss reaching its min-

ing accuracy increased from the mid-0.08s to above ~ 0.92 imum in the mid epochs and it was consistent with the best
quickly within the first few epochs. Then it gradually in- epoch selected as check point at epoch 9.
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The ViT shows a similar rapid initial improvement fol-
lowed by slower refinement and it had a longer training span.
Training accuracy raised sharply from the first epoch from
~ 0.82 to above ~ 0.90 and it continued increasing gradu-
ally to the mid-0.96 range by the best epoch. Validation accu-
racy increased early and then stabilized around ~ 0.95-0.956
with small fluctuations, remaining slightly below the train-
ing curve, which shows diminishing validation gains after the
early convergence. During the initial epochs, a steep declina-
tion was shown in both training and validation loss. It was
followed by a gradual decrease and stabilization. The valida-
tion loss reached its lowest level later than the CNN which was
aligned with the check point at epoch 28. Overall, on compar-
ing both the models, both models showed convergent behav-
ior, but the CNN reached its optimal validation-loss check-
point earlier than ViT as ViT required more epochs to mini-
mize validation loss.

Confusion Matrix

Confusion Matrix? shows a granular view of both model’s pre-
diction outcomes by reporting the true positives (TP), false
positives (FP), true negatives (TN) and false negatives (FN).
This is essential to understand the diagnostic behavior in pneu-
monia detection, especially because false positives (FP) cor-
respond to healthy patients who are flagged and incorrectly
diagnosed as Pneumonia and false negatives correspond to
missed Pneumonia cases. On the held-out test set (n = 624),
the CNN model confusion matrix shows TN = 174, FP = 60,
FN = 5, TP = 385, while the ViT model confusion matrix
shows TN = 156, FP = 78, FN = 16, TP = 374 (Confusion
matrices for the CNN and ViT models on the held-out test set,
figure 3).

On comparing the both the models, CNN shows fewer
missed Pneumonia cases (5 vs 16 false negatives) and fewer
healthy patients incorrectly diagnosed as pneumonia (60 vs 78
false positives). Although both models performed with high
sensitivity for diagnosing pneumonia, the relatively high false-
positive counts highlights the practical challenge of normal-
case diagnosis and the clinical importance of improving speci-
ficity.

Error Analysis and Interpretability

To evaluate reliability beyond accuracy, misclassified test im-
ages were analyzed for both models. The CNN model pro-
duced results with 60 false positives and 5 false negatives,
while the ViT produced results with 78 false positives and
16 false negatives. This shows that both models struggled
most with Normal case images wrongly classified as Pneu-
monia. Errors appeared more likely in X-ray images with
subtle or ambiguous lung patterns, lower contrast, position-
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Figure. 3 Confusion matrices for the CNN and ViT models on the
held-out test set.

ing differences, or overlapping anatomical structure. Because
the dataset combines both viral and bacterial pneumonia into
one Pneumonia category; subtype-specific difficulty could not
be determined. Grad-CAM was used to visualize parts influ-
encing in predicting the Pneumonia for CNN, while attention
rollout was used for the ViT; These qualitative maps show
whether both models focused on relevant lung regions, but
they should not be taken as proof of clinically correct reason-
ing.

As shown in the figure 4, the ViT false-positive example
image received substantial attention near the boundaries and
non-lung regions, which may have contributed to the Nor-
mal case image wrongly classified as Pneumonia. As shown
in the figure 5, The CNN false-positive example shows that
the model can predict Pneumonia even for a Normal image
strongly which highlights the need to improve specificity and
reduce unnecessary false alarms.
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Figure. 5 CNN Grad-CAM visualization of a false-positive prediction

Discussion

This study compared the performance of the Convolutional
Neural Network (CNN) model and the Vision Transformer
(ViT) model for detecting pneumonia automatically using X-
ray images. The goal was to evaluate diagnostic reliability by
comparing multiple dimensions, including learning-curve be-
havior, classification metrics and confusion matrix error pat-
terns. Both models were trained until convergence using early
stopping based on validation loss. The best stopping points
were selected at epoch 9 for the CNN and epoch 28 for the
ViT and the final conclusion were based out on the held-out
test set to ensure that validation data were used only for check-
point selection rather than final performance reporting.

The classification reports ' on the test set show that both the
models were effective in detecting pneumonia but the CNN
model achieved stronger overall performance under the pro-

Grad-CamM

Overlay | Pred: PNEUMONIA (0,999)
False Positive (FP)

vided training setup. The CNN model reached the test accu-
racy of 0.8958 compared to 0.8494 for the ViT and the CNN
also achieved higher aggregate performance (macro F1 0.8824
vs 0.8284; weighted F1 0.8923 vs 0.8434). For pneumonia
detection (Case 1), both models showed high recall, but the
CNN recall was higher compared to ViT (0.9872 vs 0.9590),
meaning the CNN missed fewer pneumonia cases in the test
data, which is clinically important because false negatives can
lead to missed infections and delayed treatment; similar em-
phasis on sensitivity and reduction in FN is common practice
in pneumonia X-ray model comparison in prior work !1-13.
For Normal case detection (Case 0), both the models
showed lower recall than pneumonia which indicated a ten-
dency to over-predict pneumonia; the performance of the
CNN model was again better in normal detection, achieving
Normal recall 0.7436 compared to the ViT recall of 0.6667
and CNN Normal F1 0.8426 compared to 0.7685 for the ViT,
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showing the CNN was more reliable at identifying healthy in-
dividuals and reducing false alarms. Both models had lower
normal-case recall and false positives were non-trivial (CNN
FP = 60; ViT FP = 78 on Normal = 234) which indicates
ongoing specificity limitations despite class weighted train-
ing. This tradeoff of high pneumonia sensitivity with weaker
Normal recall has been reported in many X-ray pneumonia
diagnosis studies, especially when training data are imbal-
anced 11-12,1416_

From the confusion matrix results on the test data, the CNN
generated fewer false negatives than the ViT model (5 vs 16),
which is clinically important because false negatives repre-
sent that missed pneumonia diagnoses. The CNN also pro-
duced fewer number of false positives than the ViT (60 vs 78),
which means fewer healthy patients were incorrectly flagged
as pneumonia and potentially flagged for unnecessary follow-
up testing. Macro averages weight both classes equally and
are useful for judging balanced performance under class im-
balance, while weighted averages reflect class prevalence and
summarize overall expected performance on the observed dis-
tribution; therefore, we report both metrics and interpret them
in that context. Overall, the confusion matrix confirms that
both the models achieved high sensitivity for pneumonia de-
tection, at the same time normal case detection remains more
challenging which reflects the influence of class imbalance
and the need for improved specificity- an observation con-
sistent with some published comparative studies and reviews
which highlight the significance of tuning with specificity-
focused and imbalance-aware training strategies !1-121416.17,

Computational cost was evaluated by measuring inference
time on the held-out dataset using CPU. The CNN required
15.763 seconds total, or approximately 0.0253 seconds per
image, while the ViT required 2027.593 seconds total, or ap-
proximately 3.249 seconds per image. This indicates that ViT
model was about 129 times slower than the CNN model in the
CPU-only environment. Although transformer-based model
can capture global image relationships, their higher computa-
tional cost may limit their deployment practically in real-time
or resource-constrained clinical environment settings. In con-
trast, CNN was more faster, making it more feasible for rapid
image screening under limited hardware conditions.

The learning-curve plots support these outcomes and show
different training dynamics between both the models. The
CNN model reached its lowest loss earlier (Best epoch 9)
in the learning-curve, while the ViT model progressed more
gradually and reached its lowest loss later (best epoch 28),
showing that ViT model needs more epochs to minimize the
validation loss typically. Related studies comparing the CNN
backbones, ViT/DeiT, and hybrid CNN-transformer models
note that performance depends strongly on training strategies
and fine-tuning depth 31821 Other studies which are us-
ing hybrid CNN-transformer and domain-adapted transformer

models further show that architecture design, training proto-
col, and domain adaptation can influence performance??%3.

Limitation/Future Work

In this study, several limitations should be noted. The dataset
used for this study consists of pediatric chest X-rays and
the results may not be generalizable to adults without ex-
ternal validation on adult and multi-site datasets. Future
work should test the models on adult and multi- mixed-age
datasets, and clinical deployment would require external val-
idation or retraining using age-diverse chest X-ray data. Im-
ages were resized to 224 x 224, which may reduce fine diag-
nostic detail present in higher-resolution images. Results for
this study are based on a single train/validation/test split; k-
fold cross-validation and confidence intervals can strengthen
claims about variability and stability. We did not perform
any statistical significance testing, so differences are inter-
preted cautiously and may include sampling variability. Fu-
ture work can include uncertainty estimates (for example,
bootstrap Cls) and paired significance tests to assess whether
the observed differences exceed sampling noise. Finally,
transformer-based models like ViT can require more compu-
tational resources than CNN models, which may affect the de-
ployment feasibility in resource-constrained clinical settings.
Future work should include comparing models trained with
and without augmentation to quantify how much augmenta-
tion affects accuracy, recall, F1-score, and false-positive/false-
negative rates. A more complete evaluation of GPU perfor-
mance, memory usage, and deployment requirements should
be included in the future work. Future work should in-
clude stronger CNN model baselines (for example, ResNet,
DenseNet, EfficientNet), and threshold calibration can be ex-
plored to further reduce false positives while maintaining high
pneumonia sensitivity 12 14161715,

Conclusion

Overall, comparing across classification metrics, learning
curves and confusion-matrix evaluation, the experimental evi-
dence shows that the CNN model outperformed the ViT model
on the held-out test set and the CNN model produced fewer
clinically relevant errors. While transformer-based models
and hybrid architecture have shown better results in some
pneumonia X-ray studies, their performance can vary based
on many factors like model size, pretraining, and fine-tuning
design'318-20.24 " Other studies which are based on hybrid or
domain adapted architectures show that model performance
depends strongly on architecture design and training proto-
col 22231725 Therefore comparisons should be interpreted in
the context of protocol differences, including dataset split, pre-
processing, transfer learning and evaluation strategy?!' 1613,
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CNN Model Classification Report
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Figure. 6 CNN and ViT Classification Report, Classification report to check the precision, F1 score and recall of the models after processing

the held-out test data (n = 624; Normal = 234, Pneumonia = 390).

Because protocols differ, our results are not claimed as state-
of-the-art; instead, we emphasize a controlled comparison
with consistent preprocessing and test-only reporting.
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