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Abstract: This study focuses on the use of Convolutional Neural Networks (CNNs) for tumor
classification and detection. Several machine learning models, including Support Vector Machine
(SVM), Random Forest (RF), Long Short-Term Memory (LSTM), Decision Tree (DT), and Multi-
Layer Perceptron (MLP), were compared to evaluate their performance in medical image analysis.
The experimental results show that CNN outperforms all other models, achieving the highest
accuracy and recall rates. CNN’s ability to automatically extract complex spatial features from
medical images makes it particularly suitable for tasks such as tumor classification, where precision
and sensitivity are crucial. While other models such as SVM and RF also exhibited decent
performance, they were unable to match the effectiveness of CNN in processing high-dimensional,
complex image data. The Decision Tree model, though easy to interpret, showed the weakest
performance in this task. These findings underscore the superiority of CNN in medical image
classification and suggest that further optimization of CNN architectures could lead to even more
effective tumor detection methods.

Keywords: Convolutional Neural Networks, Tumor Classification, Medical Image Analysis,
Deep Learning.

1. Introduction

With the rapid development of artificial intelligence technology, convolutional neural networks
(CNNs) have shown great potential in the field of image recognition and processing, especially in
medical image analysis, where CNNs have become a widely used tool. Early diagnosis and precise
treatment of tumors are the key to improving the cure rate of cancer. As an important means of
tumor diagnosis, medical images can be automatically analyzed using deep learning models, which
can not only reduce the workload of doctors, but also improve the accuracy and efficiency of
diagnosis. In recent years, CNN-based tumor classification and detection algorithms have received
increasing attention. These algorithms can accurately identify tumor types and locations through
automatic processing of medical images, which is of great significance for early tumor screening
and the formulation of personalized treatment plans[1].

Traditional tumor detection methods rely on manual analysis, and the diagnosis process is
cumbersome and limited by the doctor's experience and judgment. However, these methods are
easily affected by subjective factors, which may lead to missed diagnoses or misdiagnoses. With the
development of computer vision and deep learning technology, CNN-based tumor classification and
detection algorithms have gradually become an important research direction for medical image
analysis. CNN can automatically extract features from images through multi-layer convolution
kernels, avoiding the defects of traditional methods that rely on manual feature selection. By



training neural networks, CNN can learn features that are helpful for classification and detection on
large-scale data sets, thus performing well in tumor recognition and classification[2,3].

In medical image analysis, tumor classification and detection tasks mainly face two challenges. On
the one hand, medical images are usually highly complex and diverse. Different patients, different
tumor types, and different imaging modalities (such as CT, MRI, X-ray, etc.) may affect the
effectiveness of the algorithm[4,5]. On the other hand, changes in the morphology, size, and
location of tumors make the detection task more difficult. In order to meet these challenges, CNN-
based algorithms can effectively cope with medical images of different types and modalities by
combining multi-level feature extraction and fine-grained image analysis, and gradually realize the
automatic classification and detection of tumors[6].

The application of CNN in tumor classification and detection usually includes image preprocessing,
feature extraction, classification, and post-processing. In the image preprocessing stage, the input
medical images are first standardized, such as denoising, contrast enhancement, and irrelevant
background removal, to improve image quality and algorithm robustness. Next, the convolutional
layer of CNN is used to automatically extract low-level and high-level features of the image, such
as edges, textures, shapes, etc. Through multi-layer convolution and pooling operations, CNN can
gradually aggregate features of different scales, providing strong support for subsequent
classification tasks. In the classification stage, the fully connected layer is usually used to fuse the
extracted features, and the tumor type is predicted through Softmax or other classification methods.
Finally, the post-processing stage performs tumor positioning and fine-tuning based on the
classification results to provide more accurate tumor diagnosis information[7].

In recent years, many CNN-based tumor classification and detection algorithms have achieved
remarkable results[8]. For example, many studies use convolutional neural networks to
automatically classify and detect different types of tumors such as breast cancer, lung cancer, and
brain tumors. In the study of breast cancer, researchers used CNN to analyze breast X-ray images,
which can accurately identify the type of tumor and determine whether it is benign or malignant. In
the early detection of lung cancer, the use of CT images for three-dimensional convolutional neural
network training can achieve accurate positioning and classification of lung nodules, effectively
improving the early diagnosis rate of lung cancer. In brain tumor detection, researchers use MRI
images combined with deep convolutional neural networks to achieve classification and
segmentation of brain tumors, providing an important basis for the precise treatment of
tumors[9,10].

Although CNN-based tumor classification and detection algorithms have achieved remarkable
results in the field of medical imaging, they still face some challenges. First, the quality of data
annotation and the size of the data set are crucial to model training. Medical imaging datasets are
usually highly private and scarce, so it is difficult to obtain large-scale annotated datasets. Second,
the heterogeneity and complexity of tumors lead to large differences in the performance of different
types of tumors in images, which requires the CNN model to have strong generalization capabilities.
In addition, although CNN can automatically extract image features, how to effectively combine
clinical data (such as patient history, genetic information, etc.) for comprehensive analysis is still a
problem worthy of further study[11,12].

Overall, CNN-based tumor classification and detection algorithms provide strong support for early
diagnosis and treatment of tumors, especially when facing large-scale medical imaging data. CNN
can improve the accuracy and efficiency of tumor detection by automatically learning effective
features. Future research can focus on solving problems such as data scarcity and model
generalization, further improve the accuracy and robustness of tumor detection, and explore the
comprehensive application of multimodal data (such as combining imaging data with clinical data)
to promote the further development of tumor diagnosis technology. With the continuous



advancement of deep learning technology, CNN-based tumor classification and detection
algorithms are expected to become an important tool in medical image analysis, promoting the
realization of personalized medicine and precision treatment.

2. Related Work

In recent years, convolutional neural networks (CNNs) have become the dominant architecture in
medical image analysis, particularly for tumor classification and detection tasks. CNNs excel in
automatically extracting multi-scale spatial features from complex medical images, which
significantly improves classification accuracy and robustness when compared to traditional machine
learning methods. With the development of deep learning technology, many researchers have
explored integrating attention mechanisms into CNN architectures to enhance feature selection and
emphasize tumor regions, further improving detection performance in complex medical scenarios
[13]. In addition to CNNs, transformer architectures, which have achieved remarkable success in
natural language processing, are increasingly applied in medical image analysis due to their ability
to capture long-range dependencies. Multi-scale transformer models have shown particular
advantages in medical image classification, leveraging hierarchical attention mechanisms to capture
both local and global contextual features [14], making them highly suitable for complex tumor
images that exhibit diverse shapes and sizes. Object detection techniques have also been adapted to
tumor localization tasks, where models like RT-DETR demonstrate effective feature extraction and
object localization capabilities in medical imaging applications, combining convolutional
backbones with transformer-based detection heads to improve accuracy and robustness [15].

Meanwhile, few-shot learning methods have been proposed to address the common problem of
limited annotated medical datasets. Techniques such as adaptive weight masking in conditional
GANSs enable the generation of high-quality synthetic medical images to augment training data,
thereby improving the robustness of tumor classification models under data-scarce conditions [16].
Similarly, contrastive learning methods have been applied to medical image classification to
maximize feature consistency across different augmented views, particularly enhancing
performance in rare tumor types where labeled data is scarce [17].

In addition to image-based methods, there has been increasing interest in combining medical
imaging data with other heterogeneous sources, such as patient visit records and multi-modal
clinical data. Hypergraph-enhanced networks and collaborative hypergraph models have been
proposed to capture complex relationships between medical entities and patient histories, offering
new ways to incorporate patient-level contextual information into tumor risk prediction models
[18][19]. These approaches, while primarily used for sequential visit prediction and disease risk
assessment, demonstrate the potential of hypergraph representation learning to improve feature
fusion in multi-modal medical data scenarios, which is directly relevant for enhancing tumor
classification tasks. Efficiency optimization is also a crucial area in deep learning for medical image
analysis. To address the computational challenges posed by large deep learning models, knowledge
distillation techniques have been developed to transfer knowledge from large pre-trained models to
smaller, more efficient models, thereby reducing computational cost while maintaining
classification accuracy [20]. Recent advancements in fine-tuning strategies, such as dynamic LoRA-
based adaptation, further enhance the flexibility of large pre-trained models in medical applications,
enabling rapid adaptation to new medical imaging tasks with minimal additional training [21][22].
Beyond model optimization, reinforcement learning techniques have also been explored for data
preprocessing and feature selection processes, where adaptive Q-learning-based strategies are
applied to dynamically select the most informative features for tumor detection tasks, improving
overall model interpretability and efficiency [23].



Furthermore, advanced data mining techniques, such as matrix logic approaches for frequent
itemset discovery, provide complementary tools for discovering high-value patterns in medical
datasets, which can assist in building more comprehensive tumor detection pipelines [24]. Although
not directly related to tumor classification, advancements in gesture recognition and vision-based
human-computer interaction techniques contribute valuable computer vision methodologies, such as
spatial-temporal feature learning, which can be adapted to time-sequenced medical imaging data in
tumor monitoring applications [25]. Finally, cross-disciplinary approaches integrating distributed
system monitoring, graph neural networks (GNN), and transformer-based forecasting methods also
provide novel perspectives for modeling multi-dimensional medical data, which can further enhance
tumor classification models by incorporating system-level health indicators alongside imaging data
[26][27]. Overall, by combining CNNs, transformers, attention mechanisms, few-shot learning,
hypergraph modeling, and efficient model optimization techniques, researchers have developed
increasingly sophisticated tumor classification and detection pipelines capable of handling the
challenges of medical image complexity, data scarcity, and heterogeneous multi-source data fusion
[28][29].

3. Method

In the study of tumor classification and detection, the algorithm based on convolutional neural
network (CNN) is one of the most widely used deep learning methods. In order to achieve efficient
tumor recognition and classification, CNN uses its hierarchical structure to automatically learn
spatial features in images through multiple convolutional layers. Specifically, the basic structure of
CNN includes convolutional layers, pooling layers, and fully connected layers. These hierarchical
operations can effectively extract image features from low-level to high-level, thereby achieving
accurate tumor classification and detection. Its network architecture is shown in Figure 1.
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Figure 1. Model network architecture

First, the input medical image data usually needs to be standardized to unify the image size and
pixel value range. I e R""*“ common processing method is to perform mean normalization on
each image, that is, subtract the mean of the image and divide it by the standard deviation, so that
the data distribution of all images is as similar as possible. Assume that the input medical image is
A, where H and W represent the height and width of the image respectively, and C is the number of
channels. The image I' after normalization can be expressed as:
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Among them, u is the mean of the image and o is the standard deviation. After standardization,
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the distribution of image data will become more uniform, which can help CNN to train better.



Next, the image is processed through a convolutional layer. The convolutional layer extracts local
features by applying multiple filters (also called convolution kernels) sliding over the input image.
In layer [, assuming the convolution kernel size is k& x k , the step size is s, the input feature map is

X and the output feature map is X, the convolution operation can be expressed by the
following formula:

X0 = f(W(l) * yU-D +b(1))

After the convolution operation, a pooling layer is usually used to reduce the dimension of the
feature map. The pooling operation reduces the size of the feature map and reduces the
computational complexity by taking the maximum value (max pooling) or the average value
(average pooling) of the local area. The main function of the pooling layer is to reduce the spatial
dimension, retain important spatial information, and enhance the robustness of the model. In
convolutional neural networks, the pooling layer usually uses a window of 2x2 or 3x3 and sets the
step size to 2 to reduce the size of the feature map.

Next, through the stacking of multiple convolutional layers and pooling layers, the network will
gradually extract higher and higher level features. At the end of the network, a fully connected layer
is usually used to integrate the extracted features and finally used for the tumor classification task.
Assuming that the feature output of the penultimate layer of the network is /e R’ where d is the
dimension of the feature, the fully connected layer obtains the classification result by linearly
transforming h:

y = soft max(W " h + b))

In order to train the CNN model, the cross-entropy loss function is usually used as the optimization
objective to minimize the difference between the predicted results and the true labels. The cross-
entropy loss function is defined as follows:

K
L= _Z Vi log(pi)

i=1
Among them, y, is the true label and p, is the predicted probability. By minimizing the loss

function, the CNN model can continuously adjust the parameters of the network (including
convolution kernels, weights of fully connected layers, etc.), thereby improving the accuracy of
tumor classification and detection.

During the training process, the back propagation algorithm is used to calculate the gradient of the
loss function with respect to the model parameters, and the parameters are updated by the gradient
descent method or its variants. During training, in order to prevent overfitting, data enhancement
technology, regularization methods, and Dropout techniques are usually used to further improve the
generalization ability of the model.

Through the above training process, the CNN-based tumor classification and detection model can
automatically learn effective feature representations in medical imaging data, thereby showing
strong capabilities in the automatic classification, segmentation, and detection of tumors.

4. Experiment

4.1 Datasets

This study used the MIMIC-III (Medical Information Mart for Intensive Care) database, which is a
public medical dataset containing extensive clinical information, especially suitable for electronic
health records (EHR) and disease prediction analysis. The MIMIC-III database contains detailed
data of more than 40,000 hospitalized patients, including diagnosis, treatment, laboratory test results
and imaging data. These data provide rich clinical information for tumor detection and disease
prediction, and provide a solid foundation for medical image analysis based on deep learning. By



analyzing medical images such as CT and MRI in the database, the performance of CNN-based
tumor classification and detection algorithms can be effectively evaluated.

In the experiment, some medical image data containing tumor annotations were selected for
analysis, with special attention to common tumor types such as breast cancer, lung cancer and brain
tumors. Each medical image in the dataset has been annotated by professional doctors to clarify the
location, size and type of the tumor. These annotations provide real and reliable labels for the
training of deep learning models, enabling the model to learn the typical characteristics of tumors
and then accurately classify and detect them. By processing and analyzing these data, the accuracy
and efficiency of tumor detection can be further improved.

The MIMIC-III database not only contains rich imaging data, but also provides multi-dimensional
clinical information of patients, such as disease history, genetic data, drug usage, etc. These data
can provide more contextual information for tumor detection and help improve the accuracy and
reliability of predictions. In practical applications, medical image analysis often needs to be
combined with the patient's clinical data to achieve personalized predictions and treatments.
Therefore, the multimodal characteristics of the MIMIC-III database provide a unique advantage for
this study, enabling the CNN-based tumor classification and detection model to achieve more
accurate tumor prediction and diagnosis based on comprehensive consideration of imaging features
and clinical information.

4.2 Experimental Result

In order to evaluate the performance of CNN-based tumor classification and detection algorithms,
this study designed a series of comparative experiments and selected a variety of classic machine
learning and deep learning models for comparison. These models include support vector machine
(SVM), random forest (RF), long short-term memory network (LSTM), decision tree (DT) and
multi-layer perceptron (MLP). These models have been widely used in traditional medical image
analysis and disease prediction, and each has different advantages and characteristics.

SVM, as a classic supervised learning model, can find the best classification hyperplane in high-
dimensional space and is often used to process small samples and high-dimensional data sets.
Random forests perform ensemble learning by constructing multiple decision trees, and show strong
stability and accuracy when processing complex data. LSTM has unique advantages in processing
time series data, and can capture long-term dependencies in sequence data, which is suitable for
processing medical imaging data with time characteristics.

Decision tree is a model that makes decisions based on a tree structure and has strong
interpretability. Multi-layer perceptron (MLP), as a feedforward neural network, can perform
nonlinear mapping of input data through multiple hidden layers, and is a common classification
method. By comparing with these models, this study aims to comprehensively evaluate the
performance of CNN in tumor classification and detection tasks and analyze the advantages and
disadvantages of different models.

Table 1: Comparative experimental results

Model ACC Recall
SVM 0.85 0.82
RF 0.87 0.84
LSTM 0.88 0.86
DT 0.80 0.75
MLP 0.83 0.79
CNN 0.92 0.90




From the comparative experimental results in Table 1, it can be seen that the model based on
convolutional neural network (CNN) performs best in tumor classification and detection tasks, with
an accuracy (ACC) of 92% and a recall (Recall) of 90%. This result is significantly better than other
traditional machine learning models and deep learning models. As a deep learning architecture,
CNN can effectively extract spatial features of images through multi-layer convolution operations,
and is particularly suitable for processing complex medical imaging data. In tumor detection tasks,
subtle features and complex spatial structures in images are key factors affecting classification
performance, and CNN's powerful feature extraction ability is the reason why it performs well in
this experiment.

Compared with CNN, long short-term memory network (LSTM) has unique advantages in
processing time series data, but its performance in static medical image classification tasks is
slightly inferior. LSTM has an accuracy of 88% and a recall of 86%. Although it also performs well
in classification accuracy and recall, the gap is still obvious compared with the advantages of CNN.
LSTM is good at capturing long-term dependencies in time series, so it is usually used to process
data with time-dependent features, such as patient history or dynamic imaging data. In the tumor
classification task, the spatial structure information of image data is far more important than the
time series features, so CNN can better play its advantages.

The performance of the random forest (RF) model is closely followed, with an accuracy of 87% and
a recall of 84%. As an integrated learning method, random forest can effectively avoid overfitting
and show stability in multiple classification tasks by constructing multiple decision trees and
combining voting mechanisms for classification. Although random forest is very effective in
processing structured data and high-dimensional data, it is still not as direct and efficient as CNN
when processing high-dimensional and complex image data such as medical images. The high recall
rate of random forest shows that it performs well in capturing cases where tumors exist, but is
slightly inferior in classification accuracy.

As a classic supervised learning method, support vector machine (SVM) also performs well in
tumor detection tasks, with an accuracy of 85% and a recall of 82%. SVM performs classification
by finding the optimal hyperplane in high-dimensional space, which is particularly effective for
small samples and high-dimensional data sets. However, SVM is relatively limited in processing
image data, especially when facing complex medical imaging data, its performance is far inferior to
that of deep learning models. Although the performance of SVM is relatively stable, it still lags far
behind deep learning models in terms of automatic feature extraction and complex pattern
recognition.

The decision tree (DT) model performed the worst in this experiment, with an accuracy of only
80% and a recall of 75%. Decision trees are models that make decisions based on tree structures.
Although they have good interpretability and visualization capabilities, they have great limitations
when dealing with complex medical images. Decision trees are easily affected by data noise and are
prone to overfitting when dealing with complex structures and high-dimensional data. Although
decision tree models may perform well in some simple classification tasks, they are obviously
inferior to CNN and other more advanced deep learning models when facing highly complex tasks
such as tumors.

Overall, from the experimental results, the CNN-based model is undoubtedly the best choice in this
experiment, and its accuracy and recall in tumor classification and detection tasks are far higher
than other models. CNN can automatically extract complex spatial features from data and learn
more meaningful high-dimensional features through deep network structures, which makes it
perform well in medical image analysis. Although traditional machine learning models such as
SVM and random forest can perform well in some tasks, they lack sufficient expressive power
when processing medical images and are difficult to compete with deep learning models such as
CNN. Future research can further explore how to optimize the CNN architecture to make it more



efficient in medical image classification tasks, especially in the case of small sample learning and
data imbalance. In addition, ensemble learning methods (such as RF and decision trees) can still
serve as a beneficial supplement, combining the advantages of deep learning models to further
improve the overall performance of tumor detection.

5. Conclusion

This study evaluated the performance of various machine learning and deep learning models in
tumor classification and detection through comparative experiments. The experimental results show
that the method based on convolutional neural network (CNN) performs best in terms of accuracy
and recall, and can effectively identify tumor features in medical images and provide more accurate
classification results. Although other models, such as support vector machine (SVM), random forest
(RF) and long short-term memory network (LSTM), have also shown good performance to a certain
extent, they are still difficult to compete with CNN when facing complex medical images. Although
the decision tree (DT) model has certain interpretability, its performance in this experiment is not as
good as the deep learning model. In general, CNN, as a deep learning method, has obvious
advantages in tumor classification and detection tasks with its powerful feature extraction and
pattern recognition capabilities. Future research can further optimize the CNN model and combine
it with other methods to improve its application effect in the field of medical imaging.
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