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Abstract

Pneumonia remains a major global health challenge. It is responsible for millions of deaths annually, making it one of the leading 

causes of mortality worldwide, particularly in low- and middle-income countries, where access to early and accurate diagnosis is often 

limited. Convolutional neural networks (CNNs) have shown strong potential in medical image classification. However, the performance 

of these deep learning models depends primarily on the choice of hyperparameters, which determine how effectively the models 

learn. This study investigates the interaction between multi-factor hyperparameters, which is a major gap in large-scale optimization 

for medical imaging. The goal is to systematically evaluate these interactions in order to develop a CNN diagnostic model with improved 

pneumonia detection accuracy. Using the RSNA Pneumonia Detection Challenge dataset, four pre-trained CNN architectures (VGG16, 

ResNet50, InceptionV3, and MobileNetV2) were trained and tested. Our methodology progressed from single-factor ablation to multi-

factor interaction analysis. Two optimization approaches, Random Search (RS) and Bayesian Optimization (BO), were applied across 

five key hyperparameters: learning rate, epoch count, batch size, dropout rate, and optimizer. Results revealed that learning rate 

and optimizer had the greatest impact on classification accuracy. InceptionV3 was found to be the best-performing model (learning 

rate 0.001, batch size 64, dropout 0.1, 40 epochs, Adam optimizer), with a test F1-score of 92.5% and recall of 91.8%. BO consistently 

outperformed RS in improving CNN performance for pneumonia detection. Overall, these findings highlight that systematic, dataset-

specific hyperparameter tuning can greatly enhance the reliability of CNN-based pneumonia detection from chest X-rays.

Keywords

convolutional neural network, hyperparameter optimization, pneumonia detection, chest X-ray, medical imaging, deep learning

1 Introduction
Pneumonia is a severe respiratory infection that affects 
many people worldwide and it is associated with so many 
health issues, as well as deaths globally [1]. In low- and 
middle-income countries, where there is limited access to 
medical facilities and skilled radiologists, pneumonia is 
a leading cause of death in children under the age of 5 
and adults over 65 [2]. When the lungs' air sac becomes 
inflamed and filled with fluid, pneumonia occurs, mak-
ing it difficult for the victim to breathe; this could become 
fatal if timely treatment is not received [3].

Despite major advancements in medical imaging, 
numerous healthcare systems still rely on manual assess-
ment by radiologists. Such manual interventions are bound 

to suffer from delays and fatigue, and to a greater extent, 
cause a lack of uniformity in interpretation [4]. Under such 
conditions, early and particularly accurate diagnosis of 
pneumonia becomes a very challenging task. Therefore, 
there is a greater need to create a computerized diagnostic 
tool to assist radiologists and clinicians to more efficiently 
and accurately detect pneumonia from radiographs.

Accurate and early detection of pneumonia is critical 
and offers significant clinical benefits. This is necessary 
for a favorable outcome after treatment [5, 6]. The  first-
line imaging technique routinely used in pneumonia diag-
nosis is chest X-rays. It is one of the most preferred diag-
nostic radiology tools across various clinical practices and 
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hospitals and healthcare institutions, owing to its low cost 
and accessibility [7]. However, even though the perfor-
mance and quality of the X-rays are excellent, interpreta-
tion of the X-ray results is subjective, and opinion differ-
ences are bound to occur among different radiologists. This 
has driven growing interest in the application of artificial 
intelligence (AI), most especially deep learning, in medical 
imaging. Deep learning (DL) enables the automatic learn-
ing of the complex features of images that might be diffi-
cult for the human eye to catch, improving the accuracy 
and the uniformity of diagnosis across healthcare facilities.

While there are numerous DL approaches, convolutional 
neural network (CNN) has proven to be highly effective in 
analyzing X-rays and CT scans to detect diseases [8–10]. 
CNNs can automatically learn edges, textures, and pat-
terns from images, which might be indications of the pres-
ence of diseases. The performance of CNNs models is 
exceptional, however, their efficiency, accuracy, conver-
gence speed, and generalization are determined mostly by 
hyperparameters, such as learning rate, batch size, num-
ber of epochs, dropout ratio, and optimizer [11].

The tuning of these models is complicated by the 
non-linear interrelationships between these variables. 
For  example, optimal learning rate strongly depends on 
the selected optimization method and batch size, such that 
independent optimization of these components does not 
reflect the multidimensional dynamics needed to achieve 
maximum diagnostic performance.

Although CNNs are increasingly used for disease 
detection in medical imaging, the influence of hyperpa-
rameter tuning on their performance has not been thor-
oughly explored. Lacerda et al. [12] carried out a study on 
hyperparameter optimization of CNNs for the diagnosis of 
COVID-19 pneumonia using chest CT images. However, 
they considered only a few parameters and a limited data-
set. Gea et al. [13] explored the influence of hyperparame-
ter tuning in the classification of MRI brain tumors, consid-
ering five configurations and leaving out how parameters 
interact with each other. Shahira and Negara [14] applied 
Bayesian Optimization (BO) to a DenseNet-169 model for 
three-class lung X-ray classification (normal, pneumonia, 
COVID-19); however, they explored only a narrow range 
of hyperparameters and architectures.

These studies highlight the role of hyperparameter tun-
ing. However, there is a notable lack of large-scale, multi-
model, and multi-technique investigation on the effects of 
hyperparameter interactions on model performance, par-
ticularly in pneumonia detection.

To address these gaps, this study makes three major 
contributions by systematically mapping hyperparameter 
interactions. First, it measures the non-linear interactions 
among the five key hyperparameters, directly addressing 
the prevalent reliance on single-factor analyses as reported 
in the literature. Second, it investigates the architecture-de-
pendency of these interactions using four popular CNNs. 
This revealed that optimal configurations are highly mod-
el-specific instead of universal. Third, it assesses the tun-
ing efficiency of two optimization techniques on large-di-
mensional medical imaging data, suggesting that BO is 
better suited than the traditional Random Search (RS) in 
traversing high dimensional parameter spaces.

2 Related works
Recent research shows that CNNs are becoming increas-
ingly relevant in the detection of pneumonia based on chest 
X-ray images. Rajpurkar et al. [15] proposed the CheXNet 
model by training a 121-layer DenseNet and achieving 
a  radiologist-level pneumonia detection accuracy. Ayan 
and Ünver [16] implemented transfer learning with VGG16 
and VGG19 networks, demonstrating effective detection 
of pneumonia using a fine-tuned CNN with very minimal 
computing resources. It is known that convolutional net-
works outperform traditional computation methods in med-
ical imaging. For instance, Pechnikov et al. [17] showed 
that pneumonia detection via CNN is both faster and more 
accurate than via the Kolmogorov complexity method.

The importance of using transfer learning in medical 
imaging classifiers lies with the fact that it uses pre-trained 
models. Kermany et al. [18] showed that transfer learning 
increased pneumonia detection accuracy. Brima et al. [19] 
reported a test accuracy of 94.0% using pre-trained 
weights. Chouhan et al. [20] were able to avoid overfitting 
on small medical datasets by using an ensemble of selected 
pre-trained architectures, including DenseNet121 and 
InceptionV3. All these studies support the development of 
CNN-based pneumonia detection models and show that 
transfer learning simplifies the implementation process.

A primary limitation of existing research is the ten-
dency to optimize parameters in isolation. This approach 
neglects hyperparameter interactions (functional depen-
dency), where a change in one parameter, e.g., batch size, 
shifts the optimal range for another, e.g., learning rate.

In medicine, the selection of model architectures and use 
of hyperparameter tuning have received increasing attention. 
Lacerda et al. [12] examined the hyperparameters of CNNs 
and the detection of COVID-19 pneumonia based on CT 
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scans. Shahira and Negara [14] took a more organized prob-
abilistic approach by implementing BO on a DenseNet-169 
X-ray model. They reported improved classification accu-
racy. Gea et al. [13] investigated hyperparameter tuning on 
CNNs for the classification of brain tumors from MRI scans. 
Despite these contributions, their methods were limited in 
scope, mostly focusing on a single model or a narrow range 
of parameters. There was little attention on cross-model 
comparisons and the interaction of parameters.

In the context of hyperparameter tuning, there are multi-
ple studies suggesting its importance yet there are still gaps 
and limitations to be resolved within these studies. Several 
suggested pneumonia detection models are based on fixed 
default hyperparameter settings rather than performing 
hyperparameter optimization [21–23]. These models are 
tested on small or skewed data distributions [24, 25], which 
limits their generalization in the real-world. Moreover, only 
few studies have compared probabilistic and randomized 
optimization across multiple CNN architectures to assess 
the particular impact of hyperparameter interactions on 
diagnostic performance [26–31].

To fill these gaps, five hyperparameters were assessed 
across four pre-trained CNN architectures (VGG16, 
ResNet50, InceptionV3, and MobileNetV2) using chest 
X-ray images. By comparing RS and BO, this research 
specifically isolates multi-factor hyperparameter inter-
actions that prior literature often overlooks. This yields 
a  structured framework for improving diagnostic accu-
racy without incurring unnecessary computational costs.

3 Methodology
3.1 Dataset
In the original database, there are almost 30,000 radiographs 
that are categorized in three groups. Since this research 
is specifically binary classification, the images that were 
labeled as "No Lung Opacity" or "Not Normal" (11,821 in 
total) were excluded. The rest of the data had a moderate 
balance of 8,851 normal cases and 6,012 lung opacity cases. 
A random undersampling approach was adopted to obtain 
a 1:1 baseline and maintain a computationally viable struc-
ture to execute over 1,500 hyperparameter optimization tri-
als to obtain an optimal result. A fixed computational seed 
was used to select exactly 3,000 images randomly in each 
of the two target classes. This method produced the 6,000-
image working dataset as presented in Table 1.

To achieve dimension consistency, all the images were 
resized to 224 × 224 pixels. Pixel intensities were normal-
ized to the range 0–1. Fig. 1 shows exemplary images from 
the dataset for both pneumonia and normal cases.

The dataset was split into three groups: training (70%), 
validation (15%), and testing (15%). This division was car-
ried out image-wise through a stratified random splitting 
scheme that is based on the target labels. The 1:1 class pro-
portion of the total dataset was maintained in each sub-
set through stratification. The partition was performed at 
the image-level, rather than being explicitly partitioned on 
a patient-by-patient basis.

Fig. 2 shows the age distribution of patients in the data-
set. The distribution is heavily skewed toward adults. This 
is significant when comparing the results with pediatric 
studies. As summarized in Table 1, the dataset contains 
an equal number of lung opacity and normal cases, with 
a total of 6,000 patients.

3.2 CNN architecture
As already mentioned above, this study was based on four 
widely used and high-performing pre-trained CNN architec-
tures (VGG16, ResNet50, InceptionV3, and MobileNetV2). 
They were chosen to provide a comparative baseline of data 
with varying network depths and number of parameters, 
which could be used to compare the impact of architectural 
variations on optimal hyperparameter settings. For each of 

Table 1 Dataset distribution

Class Sample count

Lung opacity 3,000

Normal 3,000

Total 6,000

Fig. 1 Sample chest X-ray images from the RSNA Pneumonia Detection 
Challenge dataset

Fig. 2 Patient age distribution
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the model networks, the ImageNet dataset was used to pre-
train the weights, after which the networks were custom-
ized to the pneumonia detection problem.

In order to ensure the reproducibility of the experiment, 
common seed (SEED = 23) was set throughout Python [32], 
NumPy [33], and TensorFlow [34]. Preprocessing of data 
involved downsizing of DICOM images to 224 × 224 pix-
els, color conversion to RGB, and scaling of pixels to 
a [0, 1] range. Training was done on a stratified split of data 
(70% training, 15% validation, 15% testing) of frozen base 
ImageNet weights and binary classification heads. All exper-
iments such as using custom F1-score metrics, Optuna-based 
tuning were run on a Kaggle cloud platform with a  P100 
GPU whose memory growth was explicitly turned on.

3.3 Hyperparameters
The hyperparameters analyzed were the learning rate 
ranging from 1 × 10−5 and 1 × 10−1 batch size, 16, 32, 64, 
128, and 256; optimizer type, between Adam and stochas-
tic gradient descent (SGD); training epochs, set between 
10 and 40; and dropout rate, between 0.1 and 0.5.

These intervals were chosen in order to find out the 
training stability thresholds. The learning rates (ranging 
between 1 × 10−5 and 1 × 10−1) and dropout rates (between 
0.1 and 0.5) helped to make sure that the algorithms would 
explore the limits between extreme overfitting and ideal 
generalization of the models.

3.4 Optimization techniques
RS and BO were the algorithms used for optimizing the 
hyperparameters. RS uses several random combinations of 
hyperparameters and provides a diverse and broad array of 
potential configurations. In contrast, BO focuses on spe-
cific configurations in a more calculated manner. That is, 
given prior combinations and outcomes, it selects new com-
binations and iteratively improves on the configuration.

BO is a scientifically grounded process that can approxi-
mate an objective function to maximize F1-score on valida-
tion across the hyperparameter space. The Tree-structured 
Parzen Estimator (TPE) [a BO algorithm] does not use 
exhaustive evaluation, it builds a probabilistic surrogate 
model. The algorithm is based on dynamically choosing the 
next configuration, which will likely improve the current 
best F1-score by optimizing the computational efficiency.

Optimization of the four CNN classifiers was performed 
individually followed by extensive calculation of relevant 
metrics of each classifier such as accuracy and F1-score to 
determine the best model and optimal hyperparameter com-
binations for pneumonia diagnosis from chest X-ray images.

Deep CNNs are computationally impractical because 
exhaustive methods such as grid search can grow exponen-
tially when applying grid search. RS and BO were embraced 
to cope with the cost of computation without compromis-
ing the performance of the models. The algorithms are also 
very effective in sampling the parameter space and dis-
covering high-performing configurations much faster than 
brute-force algorithms. They are therefore well suited for 
compute-intensive image classification problems.

3.5 Experimental framework
The experimental design started by testing parameters 
on their own to identify baseline behaviors. Nevertheless, 
optimizing hyperparameters individually is insufficient 
because hyperparameters are highly interdependent; 
the ideal learning rate can change as the batch size var-
ies. In order to take this into consideration, the analysis 
advanced to multi-factor interaction analysis. Although 
simpler and two-factor tests were done under grid search, 
it became necessary to switch to RS and BO to evaluate 
three or more interacting parameters, ensuring that com-
putational complexity is not prohibitive and the accuracy 
of the combined effects is intact.

Table 2 summarizes experimental approaches, experi-
ment counts, and total training times. The mean training time 
across all methods was on average 0.40 h per experiment.

4 Results
4.1 Single-factor analysis
Using one-factor-at-a-time analysis, the effects of sepa-
rate hyperparameters on the F1 score were evaluated first. 
A statistically significant positive correlation between 
learning rate and F1 score was observed for VGG16 and 

Table 2 Summary of hyperparameter optimization experiments and 
training time

Method- 
ology Algorithm

Number of 
optimized 
parameters

Number of 
experiments

Total model 
training time (h)

1-factor Grid 
search 1 88 28.1

2-factor Grid 
search 2 478 167.3

3-factor
RS 3 240 99.6

BO 3 240 99.1

4-factor
RS 4 160 69.6

BO 4 160 70.4

5-factor
RS 5 80 40.2

BO 5 80 37.8

Total 1,526 612.1
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ResNet50, as shown in Table 3. This indicates the impor-
tance of learning rate in model generalization. In contrast, 
batch size was found to have a statistically significant neg-
ative effect on the F1 score for VGG16 and InceptionV3.

4.1.1 Distribution of optimized F1 scores per 
hyperparameter
The widest ranges of F1 score values were observed for 
the learning rate and number of epochs (see Fig. 3). This 
indicates that these hyperparameters play the most crucial 
role in driving the performance of the CNN. Tuning the 
learning rate yielded high and stable F1 scores across all 
models, indicating its key role in effective model training 
and convergence.

4.1.2 Trade-off between training time and accuracy
Fig. 4 shows how an increase in test accuracy exhibits 
a plateau after a period of extended training, and may even 
decline. This illustrates the importance of careful hyper-
parameter tuning.

4.2 Two-factor analysis (optimizer interactions)
Two-factor analysis consists of changing two hyperparam-
eters at the same time, with all others kept constant. This 
method reveals the interactions of two settings and their 
collective effect on model performance.

4.2.1 Batch size × optimizer
The impact of varying the batch sizes is reflected differ-
ently in the optimizers across different architectures as 
shown in Fig. 5. In the case of MobileNetV2, SGD had 
a marginally higher performance than Adam at different 
batch sizes; but at larger batch sizes, the performance and 
results of Adam became unstable. On the contrary, for 
VGG16, Adam had better performance than SGD across 
all batch sizes. These findings show that interactions 
between optimizer choice and batch size are heavily reli-
ant on the architecture used.

4.2.2 Learning rate × optimizer
The data illustrated in Fig. 6 shows that InceptionV3 expe-
riences an optimizer performance peak at around 0.001. 
However, InceptionV3's SGD optimizer appeared to drop 
performance drastically around higher values. In the case 
of ResNet50, the recorded performance of the Adam opti-
mizer showed no pronounced patterns over the examined 
learning rates, while the performance of SGD appeared 
to drop off rapidly as learning rates increased. Overall, 
these findings indicated that Adam is more sensitive to the 
learning rate than SGD.

4.3 Multi-factor optimization results
The multi-factor analysis conducted was to examine how 
several hyperparameters interact when changed together. 
This approach captures combined effects that do not 
appear in single-factor or two-factor tests, allowing us to 
identify configurations that remain consistently high-per-
forming across different architectures.

4.3.1 Interaction between learning rate, batch size, 
and dropout
The 3D scatter plot in Fig. 7 shows that the highest F1 
scores were achieved with low learning rates and batch 
sizes up to 64, especially when dropout rates are mod-
erate (0.1–0.3). As batch size or learning rate increased, 
F1  scores showed greater variability, with some combi-
nations resulting in lower performance. Extremely high 
dropout rates or batch sizes tended to degrade perfor-
mance. This suggests that consistent and reliable model 
performance is best achieved through balanced and less 
extreme hyperparameter settings.

4.3.2 Three-factor hyperparameter optimization
The Optuna framework [35] was used to run RS and BO 
to jointly explore the learning rate, batch size, and drop-
out rate. The termination criterion used in both algorithms 
was fixed at 20 trial iterations maximum. Implementation 
of BO was based on the TPE sampler by Optuna, to proba-
bilistically model the parameter space. Other factors were 
held constant in order to isolate these particular interac-
tions. The results can be seen in Table 4.

The performance of both search methods was assessed 
using the test F1 score. Table 5 shows the best hyperpa-
rameter combinations obtained from the three-factor anal-
ysis. InceptionV3 achieved the highest F1 score (0.9249) 
using BO.

Table 3 Spearman correlation between individual hyperparameters and 
the F1 score (one factor analysis)

Architecture Hyperparameter Spearman ρ p-value

VGG16 Learning rate 0.566 0.006

VGG16 Batch size −0.491 0.020

VGG16 Epochs 0.488 0.021

InceptionV3 Batch size −0.470 0.027

ResNet50 Learning rate 0.433 0.044
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4.3.3 Top 5 performing configurations across all five 
hyperparameters
Table 5 summarizes the top five configurations obtained 
from five-factor optimization. BO consistently achieved 

the highest F1 scores for the top models, with InceptionV3 
reaching its best performance at a learning rate of 0.001, 
batch size of 64, and dropout of 0.2. Similarly, MobileNetV2 
attained its best results under BO, typically using a larger 

Fig. 4 Scatterplot illustrating diminishing returns in test accuracy with extended training time

Fig. 3 Boxplot showing learning rate and epochs as primary drivers of F1 score variance
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batch size and higher dropout value. The RS configuration 
for MobileNetV2 performed slightly lower in comparison.

4.3.4 Confusion matrix (CM) of the best model
The CM of the best InceptionV3 model (Fig. 8) achieved 
420 true negatives, 30 false positives, 37 false negatives, 
and 413 true positives. According to this distribution, the 
model had a sensitivity (recall) of 91.8% and specificity of 
93.3%. The model also had a precision of 93.2. These two 
clinical measures, along with the F1-score of 0.925, give 
a clearer and measurable baseline of the classification per-
formance of the network on the test data.

4.4 Ablation study
The ablation study examined each hyperparameter (learn-
ing rate, batch size, dropout rate, number of epochs, and 
optimizer) separately and in conjunction with the final 
configured hyperparameters that were incorporated into 
the final CNN architectures.

Given the one-factor analysis, learning rate had the 
greatest influence on model performance. Higher learning 
rates (within the range of 0.001–0.01) were associ-
ated with higher F1 scores for VGG16 and ResNet50 
(Spearman ρ = 0.566 and 0.434, p < 0.05). For InceptionV3 
and MobileNetV2, learning rate also emerged as the most 

Fig. 5 Line graph showing optimizer performance across different batch sizes for MobileNetV2 and VGG16

Fig. 6 Line graph showing optimizer performance across different learning rates for InceptionV3 and ResNet50
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influential hyperparameter according to Random Forest 
feature importance scores, which ranged from 0.325 to 
0.741. In contrast, the  impact of batch size was compara-
tively modest, as larger batch sizes slightly reduced perfor-
mance in VGG16 and InceptionV3, whereas MobileNetV2 
maintained good performance across a wide range of batch 
sizes. Most models did not have considerable dropout rate 
effects, except MobileNetV2, where a moderate dropout 
rate (0.1–0.3) preserved F1 score stability. The performance 
of InceptionV3 and MobileNetV2 was influenced positively 
by increasing the epoch count, even though VGG16 over-
fitted due to too many epochs. The Adam optimizer per-
formed better than SGD across most architectures, partic-
ularly with extended training and moderate learning rates.

Table 4 Top hyperparameter configurations (3 factors)

Algorithm Architecture Test F1 score Learning rate Batch size Dropout rate Epochs Optimizer

BO InceptionV3 0.9249 0.001 64 0.1 50 Adam

BO MobilenetV2 0.9201 0.001 32 0.3 20 Adam

RS InceptionV3 0.9234 0.001 64 0.4 40 Adam

Table 5 Top 5 hyperparameter configurations (all the five factors)

Algorithm Architecture Test F1 score Learning rate Batch size Dropout rate Epochs Optimizer

BO InceptionV3 0.9217 0.001 64 0.2 40 Adam

BO InceptionV3 0.9203 0.001 128 0.4 40 Adam

BO MobilenetV2 0.9194 0.001 128 0.4 30 SGD

RS MobilenetV2 0.9192 0.01 64 0.2 10 SGD

BO MobilenetV2 0.9189 0.01 128 0.4 20 SGD

Fig. 7 3D scatter plot revealing peak F1 scores cluster at low learning rates with moderate batch sizes

Fig. 8 Confusion matrix of the best-performing model
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4.4.1 Interaction effects
Two-factor and multi-factor analyses provided use-
ful insights. In the case of learning rate and batch size, 
optimal performance was observed with learning rates 
between 0.001 and 0.01 and mid-sized batch sizes rang-
ing from 16  to 128. In the analysis of learning rate and 
dropout rate, InceptionV3 showed minimal interactions 
between these parameters, but ResNet50 needed some 
tuning of both for optimal results. With respect to epochs 
and optimizer, models trained with Adam benefited more 
from prolonged training at low learning rates, compared to 
those using SGD. In the overall multi-factor interactions, 
it was evident that BO picked out configurations with high 
performance, which serves to indicate the importance 
of the combination of learning rate, batch size, dropout, 
epochs and optimizer in achieving the best F1 score.

The final hyperparameter adjustments include a learn-
ing rate of 0.001, which produced high F1 scores in every 
architecture, a batch size of 64 for a good trade-off between 
training performance and training time, a dropout rate 
of 0.1, enough to avoid overfitting without compromising 
performance, 40 epochs, permitting convergence with-
out overfitting, and the Adam optimizer, which delivered 
the most consistent performance across architectures and 
hyperparameter combinations.

These settings were selected because they produced the 
highest F1 score of 0.9249 for InceptionV3. As shown in 
Table 2, the respective training times were relatively opti-
mal, which reflects an optimal trade-off of about 0.4 h per 
experiment. Hence, this configuration was the optimal bal-
ance between accuracy, stability, and computational cost.

5 Discussion
This study demonstrated the critical role of hyperparameter 
tuning in CNNs, particularly for pneumonia detection. Out 
of all the hyperparameters included in the study, learning 
rate was found to be the most influential factor. Of the opti-
mizers tested, Adam provided a solid platform for learning, 
particularly when combined with low learning rates.

Operation boundaries were moderately and clearly 
defined by batch size and dropout rate. Smaller batches 
(16  to 64) had a better F1 scores at a cost of increased 
computation time. Similarly, regularization requires drop-
out but a dropout rate above 0.2 reduced convergence and 
maximum accuracy, which shows that the optimal dropout 
to use in pneumonia classification is between 0.1 and 0.2.

The results also exemplify the trade-offs between com-
putational cost and performance. Higher batch sizes result 
in smaller training time but may lead to reduced F1 score. 

Lower batch sizes are generally preferred as they lead to bet-
ter performance, albeit at increased computational demand. 
Higher dropout rates, while effective at combating overfit-
ting, tend to lower the maximum possible F1 score, as well 
as slow convergence. The results clearly indicate that both 
excessively large and small learning rates negatively affect 
training stability and convergence. The final hyperparame-
ter configuration resulted in a strong balance between accu-
racy, training performance, and computation time.

The optimized InceptionV3 architecture reached a test F1 
score of 0.925, outperforming the results (87.9%) reported 
by Saboo et al. [36] and approximating those of Pechnikov 
et  al. [17]. Although Saboo et al.  [36] reported positive 
effects of using adaptive optimizers, the current research 
confirms that Adam optimizer, in combination with a strictly 
limited dropout rate of 0.1, provides significantly superior 
classification accuracy in the case of adult datasets.

These results have important practical implications, 
as  they can assist radiologists in classifying pneumonia 
cases rapidly and accurately. The findings in this study 
indicate that merely selecting a standard architecture is 
not sufficient to achieve high performance. Careful tuning 
based on dataset type is important. The model offers great 
potential to be incorporated into clinical pathways  due to 
its high sensitivity and specificity in helping to minimize 
prioritization errors and misdiagnoses.

6 Conclusion
Hyperparameter tuning is critical for improving the accu-
racy and performance of CNNs in pneumonia diagnosis 
from chest X-ray images. The InceptionV3 model with 
a learning rate of 0.001, batch size of 64, dropout rate of 
0.1, and trained for 40 epochs using the Adam optimizer, 
showed optimized accuracy with an F1 score of 0.925. 
The deployment of AI models in medicine provides useful 
tools for radiologists to fully integrate AI into their prac-
tices and expedite pneumonia diagnosis.

Even though the use of these optimized AI models can 
give radiologists useful diagnostic information, they cannot 
fully realize their full clinical potential without integrating 
model interpretability. The decision-making procedure of 
CNNs must be made transparent to medical professionals 
in order to develop confidence in these systems.

7 Limitations and future work
One of the main weaknesses of this study is that it uses 
only one dataset, which prevents the comparison of the 
model with different patient demographics. The existing 
data distribution is extremely biased towards adult groups, 
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i.e., the fitted hyperparameters will not perfectly apply 
to pediatric patients.

Moreover, given that the process of data division was 
done on an image-by-image basis but not on a patient-by-
patient basis, two or more radiographs of the same patient 
can be found on the training and testing sets.

External validation should take precedence in future 
work to tackle the limitations inherent in the use of single 
datasets. The optimized hyperparameter settings should 
be tested using independent X-ray data that are acquired 
from other hospitals to determine whether they are diag-
nostic in real clinical setting.

Scalability is another consideration because training 
deep learning models like InceptionV3 is resource- and 
time-intensive. Future research should focus on the use of 
hyperparameter tuning and less resource-intensive CNN 
architectures that train faster.

Developing model interpretability and explainability 
tools should be a key focus of future work to build clinical 
trust and practical utility. Methods like gradient-weighted 
Class Activation Mapping (Grad-CAM) should be included 
to visually indicate the radiographic parts informing the 
model to make its judgments. This would enable clini-
cians to independently verify the AI diagnostic logic.
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