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Abstract. This paper focuses on the diagnosis of pneumonia through lung X-ray image analysis
using machine learning techniques, particularly leveraging a Residual Network (ResNet) model.
Traditional methods relying on radiologists are subjective and prone to misdiagnosis. By
integrating uncertainty quantification and sensitivity analysis into the segmentation process, we
aim to enhance the accuracy and reliability of pneumonia diagnosis. The ResNet model's
architecture allows for deeper network training without the vanishing gradient problem,
significantly improving segmentation accuracy. Uncertainty quantification provides confidence
estimates for model predictions, while sensitivity analysis identifies key factors influencing
segmentation accuracy, such as image quality and model parameters. Our results indicate that
these methods and the advanced ResNet model significantly improve the diagnostic process,
offering a robust approach to medical image analysis and aiding clinical decision-making. This
work demonstrates the potential of advanced machine learning techniques, specifically ResNet,
in medical diagnostics, aiming to optimise lung disease diagnostic processes.

Keywords: Pneumonia, X-ray, Machine Learning, Residual Network, Uncertainty
Quantification, Sensitivity Analysis.

1. Introduction
X-ray images are helpful in determining many pulmonary diseases, among which pneumonia is very
important. The method that relies on radiologists' experiences is traditional for the diagnosis of
pneumonia. However, this method brings lots of drawbacks such as high subjectivity and relatively high
misdiagnosis rates. With the advent of machine learning technologies, particularly of late, new
opportunities for medical image analysis that could greatly enhance the accuracy and efficiency in the
diagnosis of pneumonia were opened[1].

In this study, uncertainty quantification and sensitivity analysis were performed to improve the
segmentation accuracy and reliability of the model by performing the segmentation process on lung X-
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ray images. Uncertainty quantification was used to assess model prediction reliability, providing
physicians with confidence estimates about the accuracy of model predictions[2]. This approach helps
physicians understand and assess the uncertainty of model predictions and improves the stability and
reliability of medical decisions.

Sensitivity analysis determines the effect of model input variables on output by controlling for
them[3]. We used sensitivity analysis to identify key factors that affect the accuracy of lung X-ray image
segmentation, including image quality, image processing techniques, model parameters, and training
parameters. This helps to improve the accuracy of model segmentation and provides a reference for data
collection, processing, and model selection in related studies, thus optimizing the entire diagnostic
process.

Through these two analysis methods, this study aims to:

1. Analyze the key issues affecting the performance of the model through the methods of uncertainty
quantification and sensitivity analysis and improve the stability of the model in the clinical
environment.

2. Present the diagnostic decision process of the model clearly through uncertainty quantification
analysis to improve reliability.

3. Improve the accuracy of lung X-ray segmentation results through model selection and model
parameter adjustment.

2. Related work

In the task of X-ray image classification, convolutional neural networks (CNNSs) are the most commonly
used model architecture[4-6]. Common network architectures include AlexNet[7], VGG[S],
Inception[9], ResNet[10], and Xception[11]. These models identify and classify lung diseases by
extracting image features. For example, Inception V3, Xception, and ResNeXt have been used to
compare their performance in lung X-ray classification tasks, showing that Xception performs best in
accuracy. AlexNet, as one of the earlier deep learning models, extracts and classifies image features
through multiple convolutional layers and fully connected layers. VGG uses smaller convolution kernels
(e.g., 3x3) and more convolutional layers to achieve detailed image feature extraction. The Inception
series models introduce parallel convolution operations to extract multi-scale features in the same layer,
while ResNet introduces residual blocks to solve the gradient vanishing problem common in deep
networks, allowing deeper feature extraction.

In addition, the successful classification of X-ray images largely depends on high-quality datasets.
Common datasets used in lung X-ray analysis include ChestX-ray14 and the COVID-19 X-ray dataset.
ChestX-ray14[12], provided by the National Institutes of Health (NIH), contains 112,120 frontal view
X-rays and 14 common chest pathology labels. This dataset provides rich data support for multi-label
classification tasks and is commonly used to train and evaluate classification models. The COVID-19
X-ray dataset[13], released by multiple institutions during the pandemic, contains X-rays of COVID-19
patients and is used to study and classify the differences between COVID-19 and other lung diseases.

When discussing the detailed task of X-ray classification, model training and evaluation are crucial.
Standard methods include data augmentation and transfer learning[14]. By flipping, rotating, scaling,
and other operations on training data, data diversity can be increased, and model generalization ability
can be enhanced. Transfer learning uses pre-trained model weights on large-scale datasets (such as
ImageNet) and fine-tunes them on lung X-ray datasets, accelerating the training process and improving
classification performance. Standard evaluation metrics include accuracy, recall, and F1-score, which
comprehensively evaluate model performance in classification tasks.

Despite significant progress in lung X-ray analysis, challenges remain, including the diversity of
datasets, label inaccuracies, model decision interpretability, and integration with clinical applications.
Future research should continue to focus on these issues, especially improving model transparency and
interpretability so that doctors can better understand and trust automated system predictions. By
continuously improving model architecture, optimizing training methods, and enriching datasets, we
aim to achieve more efficient and accurate automated lung disease diagnosis systems in the future.
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3. Methodology

3.1. Data Pre-processing

First of all, we define two types of tags: Bacteria and Virus and are represented by numbers 1 and 0
respectively. We loaded image data sets from the specified path folder, which are different categories.
The name file name of each class is divided into training sets, verification sets and test sets according to
a certain proportion.

Image data is prepared after loading, including random rotation and horizontal flip, contrast and
brightness adjustment, image size adjustment, random cutting, normalization processing, etc., which
increases the diversity of data, and also makes the model even more robust. In addition to this, In addition,
we tried to add Gaussian noise of different intensity to each picture. By analyzing the impact of noise
on the results of the image, the robustness of the image was increased by finding the right noise.

3.2. Model Construction

We adopt a ResNet[10] (residual network) architecture. This is a network structure designed to solve
the problem of gradient disappearance in deep neural networks. The deep neural network for image
classification is constructed in a custom method. RESNET is introduced by the introduction of the
structure called "residual block", allowing input to directly skip some levels to be deeper to deeper,
thereby achieving deeper network training. This design not only helps the network to learn identity
functions, but also enables the network to improve accuracy by increasing additional layers without
bringing additional training burden. Effect. The network structure we use is shown in the figure below:
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Figure 1. Model Architecture Diagram

Generally, more complex networks should learn more and have higher accuracy[15]. However,
experiments have shown that overly complex networks lead to reduced accuracy due to overfitting.
Therefore, we used dropout techniques to mitigate overfitting caused by overly complex network models.
Dropout is a regularization technique that randomly drops a portion of neurons during training to prevent
overfitting[ 16]. It forces the model to learn features without relying on specific neurons, improving its
generalization ability. To achieve better results, we explored the impact of different dropout rates on
model accuracy and identified the optimal dropout rate to enhance accuracy.

3.3. Training Setup

We used a Momentum optimizer with polynomial decay learning rate and momentum, adjusting various
parameters to improve model stability and convergence speed during training. We explored the impact
of different learning rates and regularization terms on the model. During training, we periodically
evaluated the model and saved the best-performing model on the validation set. Dropout was used to
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prevent overfitting, enhancing generalization ability. Additionally, the correct loss function was
necessary. In this project, we used cross-entropy loss, which performs well in classification tasks,
especially multi-class problems. Correctly setting and optimizing the loss function not only improves
training effectiveness but also prevents overfitting. By constantly adjusting and optimizing loss function
parameters, we aimed to further enhance model accuracy and robustness.

3.4. Model Evaluation and Result Analysis

Finally, we evaluated the best-saved model on the test set, generating confusion matrices and
classification reports to evaluate the model's performance across different categories. We also plotted
ROC curves to further assess the model's classification effectiveness and discriminative ability.

4. Experimental Results

To make the experiment clearer and more accurate for subsequent sensitivity and uncertainty analysis,
we fixed some experimental parameters. The specific settings were as follows: using Paddle's
Momentum optimizer with a learning rate (Ir), momentum of 0.9, weight decay coefficient of 1e-4,
applied to model parameters; batch size of 30, training period of 30 epochs; polynomial decay learning
rate strategy with base Ir, decay power of 0.9, decay steps of decay steps, and final learning rate of 0.0.
Additionally, validation was performed every 5 epochs, the model was saved every 5 epochs, and
training information was printed every 30 steps.

4.1. Sensitivity Analysis

For the effect of data augmentation parameters, specifically the impact of rotation operations on model
performance, accuracy was used as the performance indicator. The model achieved the highest accuracy
(0.805) when the rotation angle was 10 degrees and the rotation probability was 0.1. This indicates that
a smaller rotation angle and lower application probability allow the model to learn better while
maintaining generalization ability. For any given rotation angle, model accuracy generally decreased
with increasing rotation probability, likely due to excessive image deformation interfering with model
learning. When the rotation probability was 0.1, accuracy initially decreased with increasing rotation
angle but rebounded at 20 degrees, suggesting that excessive rotation may harm learning effectiveness,
though moderate increases in rotation range can help capture more image variations.

Data enhancement parameter tuning(Rotation/Transform)
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Figure 2. Data Augmentation Sensitivity Heatmap: Color coding reflects model performance under
different parameter combinations; Y-axis represents maximum rotation angle; X-axis represents rotation
probability, i.e., the probability of random rotation during data augmentation.
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Table 1. Data Augmentation Sensitivity Experimental Results.

RandomRotation ContrastTransform BrightnessTransform Accuracy
10 0.1 0.1 80.52%
15 0.1 0.1 76.53%
20 0.1 0.1 79.11%
10 0.3 0.3 77.00%
15 0.3 0.3 73.47%
20 0.3 0.3 76.06%
10 0.5 0.5 74.65%
15 0.5 0.5 72.15%
20 0.5 0.5 70.33%

Additionally, we considered the potential impact of adding noise to the model. To study this, we
added Gaussian noise to the images. To ensure experiment reliability, we kept other variables constant,
changing only the Gaussian noise radius (2, 3, 5, and 10). This method allowed us to observe and analyze
different noise intensities' effects on model performance, assessing robustness and stability. The final
results are shown below:

Table 2. Noise Intensity Sensitivity Experimental Results

Radius Accuracy Radius Accuracy
2 0.7745 5 0.9023
3 0.8863 10 0.7565

Sensitivity analysis of model structure parameters, covering different network layers and the number
of filters per layer, affecting model performance (accuracy indicator).

The model achieved the highest accuracy (0.807) with 50 layers and 64 filters, indicating that fewer
layers with smaller filter numbers capture essential features without overfitting. For 50 and 101 layers,
increasing filters from 64 to 128 slightly reduced performance, with further decreases at 256 and 512.
This suggests excessive filters unnecessarily increased complexity without performance gains. With 64
filters, performance decreased with more layers (50 to 152), not exceeding initial highest values,
implying more layers don't always benefit, especially when sufficient layers capture features. The lowest
performance (0.692) was with 50 layers and 512 filters, indicating over-parameterization harms
performance.

Model structure parameter tuning(layers/num_filters)
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Figure 3. Model Structure Sensitivity Heatmap: Color coding reflects performance under different
parameter combinations; Y-axis represents filters per layer; X-axis represents ResNet layers.
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Table 3. Model Structure Sensitivity Experimental Results

Layers Num_filters Stride Accuracy
50 64 2 75.59%
101 64 2 80.56%
152 64 2 75.12%
50 128 2 75.30%
101 128 2 74.41%
152 128 2 76.06%
50 256 2 74.10%
101 256 2 72.07%
152 256 2 77.93%
50 512 2 69.20%
101 512 2 73.47%
152 512 2 74.41%

Sensitivity analysis of training parameters shows the impact of training epochs and batch size on
model performance (accuracy indicator).

The highest accuracy (0.805) was achieved with 30 epochs and batch size of 30, indicating optimal
performance with fewer epochs and smaller batch size, possibly due to rapid adaptation without
overfitting. Increasing batch size from 30 to 50 and 100 slightly decreased performance, suggesting
smaller batch sizes aid faster convergence and generalization. Increasing epochs from 30 to 60 decreased
performance for all batch sizes. At batch size 100, 60 epochs had better performance (0.781) than 30
epochs, suggesting more epochs aid larger batch sizes, with overfitting risk. The lowest performance
(0.704) was with 60 epochs and batch size 30, indicating potential overfitting or learning inefficiency.

0.80

Training parameter tuning(epochs/batch_size)

Figure 4. Training Parameter Sensitivity Heatmap: Color coding reflects performance under different
parameter combinations; Y-axis represents training epochs, X-axis represents batch size.

Table 4. Training Parameter Sensitivity Experimental Results

BATCH_SIZE EPOCHS Momentum Accuracy
30 30 0.9 80.56%
30 50 0.9 75.12%
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Table 4. (continued).

30 100 0.9 75.59%
60 30 0.9 70.42%
60 50 0.9 74.41%
60 100 0.9 78.17%

Additionally, we explored the impact of learning rate and regularization on model accuracy. We
designed experiments adjusting these parameters, observing their effects on performance. Specifically,
we set three learning rates (0.001, 0.01, 0.1) and three regularization parameters (0.001, 0.01, 0.1),
recording accuracy for each combination. Results are shown in the figure below.

Performance Heatmap of Model Parameters

0.001

-0.74

-0.72

Learning Rate
0.01

-0.70

i
0.01 0.1
Regularization

|
0.001

Figure 5. Model Parameter Performance Sensitivity Heatmap: Color coding reflects performance under
different parameter combinations; Y-axis represents regularization parameter, X-axis represents
learning rate.

This heatmap shows model performance, with the horizontal axis for regularization parameter values
and the vertical axis for learning rates. Heatmap color intensity indicates accuracy, darker colors
representing higher values. The highest accuracy (0.79) occurred with a learning rate of 0.01 and
regularization parameter of 0.01, suggesting optimal performance with moderate values. High learning
rates (0.1) reduced performance, and large regularization parameters (0.1) significantly lowered
accuracy.

From this analysis, we conclude moderate learning rates and regularization parameters balance
overfitting and underfitting, enhancing accuracy and robustness. High values degrade performance,
resulting in lower accuracy.

4.2. Uncertainty Quantification
We experimented with four dropout rates: 0.1, 0.3, 0.5, and 0.7. Each rate trained and validated the
model on the same dataset, recording changes in training loss, validation loss, and validation accuracy.
The model trained for 30 epochs.
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Training Losses for Different Dropout Rates

Train Loss 0.1
~—— Train Loss 0.3
Train Loss 0.5
Train Loss 0.7

Elpsochs
Figure 6. Training Loss with Dropout Rates

In the training loss graph, as the training iterations progress, we can clearly see the difference in
performance for different dropout rates. When the dropout rate is 0.1, the training loss is high, eventually
reaching about 8.5. This indicates that the lower dropout rate fails to effectively prevent overfitting,
resulting in higher training loss. A low dropout rate means fewer neurons are ignored during training,
causing the model to be overly confident on the training data and failing to generalize effectively to new
data. When the dropout rate is 0.3, the training loss is reduced, reaching about 7.5, showing some
improvement compared to a 0.1 dropout rate. Moderately increasing the dropout rate helps prevent
overfitting, making the model perform more stably on the training set. The current dropout rate is not
yielding the best results, and the training loss remains relatively high. As shown in the figure, when we
set the dropout rate to 0.5, the training loss will drop significantly, eventually reaching about 6.5,
indicating that a dropout rate of 0.5 is relatively effective in preventing overfitting. A moderate dropout
rate can reduce the model's dependence on training data, thereby improving generalization capabilities
without significantly reducing the model's expressiveness. On the contrary, when we increase the
dropout rate to 0.7, as shown in the figure, the training loss will rise to about 9.5, indicating that although
a higher dropout rate can more effectively prevent overfitting, it will also have a negative impact on the
model's expressiveness. Moreover, a too high dropout rate will cause too many neurons to be ignored
during training, limiting the model's learning ability.

Validation Losses for Different Dropout Rates

Validation Loss 0.1
121 —— validation Loss 0.3
Validation Loss 0.5
Validation Loss 0.7

15
Epochs

Figure 7. Validation Loss with Dropout Rates
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As can be seen in Figure 7, the validation loss is highest when the dropout rate is 0.1, and eventually
reaches around 11. This shows that a lower dropout rate causes the model to perform poorly on the
validation set due to insufficient generalization. While the model performs well on the training data, it
struggles when processing new data, resulting in a high validation loss. The key point is that when the
dropout rate is 0.5, the validation loss reaches its lowest point, around 9.7. This shows that the model
performs best on the validation set with the strongest generalization ability at this rate. The model
effectively prevents overfitting during training and shows low losses on the validation data,
demonstrating robust generalization ability.

Validation Accuracies for Different Dropout Rates
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Figure 8. Validation Accuracy with Dropout Rates

Finally, let's look at the validation set accuracy graph. It shows the effect of different dropout rates
on the validation set accuracy. As shown in the figure, when the dropout rate is 0.1, the validation set
accuracy is the lowest, and finally stabilizes at around 54%, with little fluctuation. This shows that such
a low dropout rate fails to improve the generalization ability of the model, resulting in unstable
performance on the validation set.

When the dropout rate increases to 0.3, the validation set accuracy increases slightly to about 53%,
indicating a slight improvement in generalization ability. Although the model performs better on the
validation set, it still does not reach the optimal level, and the accuracy is still relatively low.

The key point is that when the dropout rate is 0.5, the validation set accuracy reaches the highest
point. Although it fluctuates greatly, the accuracy shows that the model performs best on the validation
set under this dropout rate, effectively capturing data diversity and improving generalization ability.
When the dropout rate is 0.7, the validation accuracy is lower, with large fluctuations, eventually
stabilizing at about 46%. Although a higher dropout rate can improve generalization ability, an
excessively high dropout rate may cause unstable model performance. The model's performance on the
validation set is poor, with large accuracy fluctuations and a low overall level.

Overall, from the perspective of training loss, a higher dropout rate (such as 0.7) can better prevent
overfitting, but a dropout rate of 0.5 already effectively reduces training loss without excessively
reducing the model's expressive power. From the perspective of validation accuracy, the model performs
best when the dropout rate is 0.5, with the highest validation accuracy and large fluctuations, indicating
that it can better capture data diversity.

4.3. Findings and Conclusions

Through experimental analysis of rotation enhancement and noise enhancement, we found that the
moderate rotation angle (10 degrees) and low rotation probability (0.1) can be used to avoid the
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interference of model learning while increasing data diversity, thereby increasing the model of the model
Accuracy. This moderate rotation enhancement can help models better capture changes and
characteristics in images and improve their generalization capabilities. In addition, adding an appropriate
amount of Gaussian noise can enhance the robustness of the model in the noise environment, so that it
can still maintain stability when facing uncertainty. The experimental results of the enhancement of
noise show that moderate noise enhancement can still show good stability and accuracy under noise
interference of different intensities.

In the sensitivity analysis of the model structure and training parameters, we found that the network
configured with 50 layers and 64 filters reached the best performance (0.807), which indicates that this
structure can effectively capture the key features in the data without excessive complexity change. The
smaller number of layers and a moderate filter quantity enable the model while ensuring sufficient
expression capabilities and avoiding excessive fitting and computing resources. At the same time,
smaller batch sizes (30) and fewer training rounds (30) will help the model to quickly adapt to training
data, prevent overfitting, and ensure the generalisation ability and stability of the model. For training
parameters, smaller batch sizes and fewer training rounds make the model converge faster and maintain
better performance during the training process. In addition, a moderate learning rate (0.01) and
regularization parameters (0.01) have achieved balance between preventing overfitting and arrearting,
significantly improved the accuracy and robustness of the model. Reasonable learning rates and
regularization parameters can effectively learn the model during training, while avoiding the
performance of performance caused by excessive or too small parameter values.

Through experimental research on different Dropout rates, we found that when the Dropout rate is
0.5, the Resnet model is the best performance in training loss, verification loss and verification accuracy.
When the Dropout rate is 0.5, it can effectively prevent overfitting. It has strong generalization
capabilities. At the same time, it can better capture the diversity of data and improve the performance
of the model on the verification set.

Judging from the training loss, although the higher Dropout rate (such as 0.7) can better prevent
overfitting, it will cause the learning ability of the model to be limited and increase the training loss. In
contrast, the 0.5 Dropout rate, while reducing training loss, can effectively maintain the expression of
the model. In terms of verification loss, when the DROPOUT rate is 0.5, the model has the best
performance in the verification set and the strongest generalization capabilities. The lower Dropout rate
(such as 0.1) causes the model to perform poorly on the verification set, while the higher Dropout rate
(such as 0.7) can prevent overfitting, but it may also damage the performance of the model.

By combining rotation enhancement, noise enhancement, model structure optimization, training
parameter adjustment, and Dropout technology, we can comprehensively improve the performance of
the model. Moderate rotation and noise enhancement can increase data diversity and improve the
robustness of the model; the reasonable configuration network structure and training parameters ensure
that the model can effectively capture the features and avoid overfitting; moderate Dropout further
enhances the model of the model Generalization. The comprehensive application of these methods has
enabled our model to reach a new height in terms of accuracy and stability, providing a solid foundation
for subsequent applications.

Based on the above analysis, we chose the optimal parameter for model training. The specific settings
are as follows:

Data enhancement parameters:

Randomrotation: 10 degrees

Contrasttransform: 0.1

Brightnesstransform: 0.1

Model architecture parameters:

Network layer number (layers): 101 layer

Number of convolutional filters (NUM_FILTERS): 64

Stride: 2

Training parameters:
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Batch_size: 30

Training cycle (EPOCHS): 30

Momentum: 0.9

Dropout rate: 0.5

Learning Rate: 0.01

Regularizing parameter: 0.01

Gaussian Noise Radius: 5

In the end, the final accuracy rate we get is: 0.9092, of which his Confusion Matrix and ROC CURVE
are shown in the figure below:

Normal AUC:0.9418, Bacteria AUC:0.9342
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Figure 9. Confusion Matrix and ROC curve

5. Conclusion

In this research, we explored the effectiveness of a Residual Network (ResNet) in diagnosing lung
diseases through the analysis of X-ray images. Our study focused on optimizing the ResNet model by
performing sensitivity analysis, uncertainty quantification, and fine-tuning key model parameters.

Through sensitivity analysis, we identified the optimal rotation and noise augmentation settings,
revealing that moderate enhancements significantly improve the model's generalization ability and
robustness. Specifically, a rotation angle of 10 degrees and a low rotation probability (0.1) were found
to be the most effective, while adding Gaussian noise also enhanced the model's performance in noisy
environments.

For model structure and training parameters, we found that a ResNet model with 50 layers and 64
filters provided the best accuracy (0.807), indicating a balance between capturing essential features and
avoiding overfitting. Smaller batch sizes (30) and fewer training epochs (30) also contributed to the
model's stability and generalization ability.

Uncertainty quantification experiments revealed that a dropout rate of 0.5 resulted in the best
performance across training loss, validation loss, and validation accuracy. This dropout rate effectively
reduced overfitting while maintaining the model's expressive power, leading to a robust generalization
on unseen data.

Overall, our findings suggest that a ResNet model with carefully tuned parameters, including a
dropout rate of 0.5, provides a powerful tool for lung disease diagnosis. The model's accuracy and
stability were significantly enhanced through a combination of data augmentation, noise addition, and
optimal parameter settings. Future research should focus on expanding the dataset, improving model
interpretability, and integrating additional medical data sources to further enhance diagnostic
capabilities.
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6. Discuss and work in the future

In this study, we conducted an uncertain quantitative and sensitive analysis of lung X -ray images to
improve the accuracy and diagnosis of lung disease division. Through uncertain quantitative analysis,
we effectively evaluate the confidence of model prediction. This provides doctors with confidence
estimates about model prediction accuracy, helping doctors to better understand and evaluate the
uncertainty of model prediction when making diagnostic decisions. We identify key factors affecting
the output of model output through sensitivity analysis, including data enhancement parameters, model
architecture parameters, and training parameters. It is found that moderate parameter settings can
significantly improve the accuracy and robustness of the model. In the final experiment, we chose the
optimal parameter settings and trained the Resnet model to reach the accuracy of 0.9092. This shows
that our parameter settings and methods are effective in improving the accuracy and stability of the
classification of lung X -ray image.

Although this study has achieved some results, there are still many aspects that need to be further
explored and improved. The current data set used is still limited. In the future, you can consider
introducing more X -ray images from different sources and different types of lung diseases to improve
the generalization capacity of the model. Although we improve the performance of the model through
uncertain quantitative and sensitive analysis, the interpretability of the model is still an important issue.
Future research can explore more advanced explanatory models so that doctors can better understand
the decision -making process of the model. In the future, you can explore X -ray images with other types
of medical images (such as CT, MRI) or clinical data (such as patient history) to build a more
comprehensive diagnostic model.
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