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Abstract

Cancer is one of humanity's biggest challenges. Although there are many ways to prevent
cancer, some types of cancer are still largely incurable. One of the most common types of
cancer is breast cancer and the most important action toward a favorable outcome is early
diagnosis. Correct diagnosis is one of the most critical processes in breast cancer treatment.
There are many studies in the literature to predict the type of breast tumors. In this study,
Artificial Intelligence and machine learning were used to increase the incidences of correct
diagnosis. A convolutional neural network (CNN) was used in the models to classify and
segment breast ultrasound images. Two separate models were created; one for image
classification, and another for image segmentation, using TensorFlow. The models were
based on current Convolutional Neural Network models published previously. The image
segmentation model was based on a customized U-Net architecture. Attention gates were
added to this customized U-Net model. The image classification model was constructed using
a 50-layer ResNet model. The resultant CNN yielded an accuracy of 99.35% for image
segmentation. For image classification, the separately constructed CNN model yielded an
accuracy of 97.43%. Hence, it was possible to obtain high accuracies to classify and segment
breast cancer from ultrasound images using our CNN models.
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1 Introduction

Malignant tumors involve the uncontrolled
proliferation and spread of cells in tissues
(1). Breast cancer is the most common
cancer, accounting for 11.7% of all cancer
cases for both sexes (2). Although there exist
various methods for detecting breast cancer,
these methods are not universally optimal.
Given that breast cancer is the most common
type of cancer in humans, other methods
need to be evaluated to improve detection.
Currently, approximately 48% of breast
cancer cases go undiagnosed when using
only one imaging modality (3). In addition,
other studies focusing on Triple Negative
Breast Cancer, a subtype of breast cancer,
have found that in 1 in 3 patients who are
imaged, at least 1 of these imaging
modalities misdiagnoses the cancer type (4).

A factor contributing to the misdiagnosis of
various asymmetric
growths and microcalcification masses that
can be missed using imaging techniques.
These imperfections can lead to mistakes
even when images are examined manually.
Artificial intelligence has played an
important role in improving the detection rate
in cancer imaging by helping experts classify
hard-to-see features of images (5). It has
been shown that the use of artificial
intelligence for breast cancer can increase
detection rates by 5% in low-density breast
images and 12% in high-density ones (6).

cancers is cancer

Artificial intelligence models that can help in
the medical field have been reported in the
literature for several years. However, existing
work on the subject focuses more on the
classification of masses rather than the on the
removal and segmentation of noise in the
image. This leads to models that can classify

manually segmented images with high

Journal of High School Science, 8(3), 2024

Original article

accuracy but cannot segment the masses in
the images on their own. Software is
available to help radiologists label and
annotate images. However, again, these
systems require manual annotation, which
poses some challenges in terms of processing
large datasets and accuracy. As noted by
Campanella et al., the
specificity of such software are important
features, and their improvement requires
continuous study and research (7). Such
software can facilitate and speed up the work
of radiologists, but it is difficult to produce
reliable results because of the need for

accuracy and

manual intervention. Moreover, existing
models specialized in mass classification
mostly  work microscopy
however, microscopy is not the main tool
used to obtain images of cancerous masses in
real life (8). In addition, the accuracy of these
systems still needs to be improved. Although
in some cases these systems have reached
100% accuracy for cancer detection, it is not
easy to transfer the methodologies used in
these systems to other cases such as breast
cancer (9). Most studies using Al detection
for breast cancer focus on whole slide
imaging (WSI) or mammography images
(10). Few studies have used ultrasound,
which we used in our study. Compared to
ultrasound images, WSI and mammography
images have higher image quality. Therefore,
it is technically easier to build Al-assisted
systems to classify mammography images
and WSI because they require less denoising
and detection of microcalcifications. Our
work combines aspects of mass segmentation
and image classification to minimize human

on images,

error. We specifically worked on a model
applicable to ultrasound images, because

ultrasound imaging is more accessible and
affordable (11).
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1.1 Visual detection methods for breast
cancer
Various imaging techniques play an

important role in breast cancer detection,
allowing radiologists to effectively diagnose
the disease and monitor its progress.
Mammography is a widely used screening
method that uses low-dose X-rays to capture
detailed images of breast tissue and detect
abnormalities ~ such  as or
calcifications. Ultrasound uses sound waves
to produce real-time images and helps to
evaluate suspicious areas that have been
previously 1identified by mammography.
Whole slide imaging (WSI), also known as
digital pathology, is the scanning and
digitization of pathology slides. Each of these
techniques has unique strengths and
considerations  that  contribute
comprehensive approach to detecting and
diagnosing breast cancer (12).

tumors

to a

1.1.1 Mammography

Mammography is a widely adopted breast
cancer screening method. Its ability to detect
early-stage tumors and microcalcifications
makes it effective for early detection.
Mammograms are relatively inexpensive and
readily available. However, the technique has
limitations such as exposure to low-dose
ionizing  radiation, discomfort during
compression, and low sensitivity leading to
false negatives in dense breast tissue (13).

1.1.2 Ultrasound

Ultrasound imaging is a valuable tool for
breast cancer detection. It is safe for frequent
use as it does not expose the body to ionizing
radiation. Ultrasound provides real-time
images that help classify lesions and guide
biopsy procedures. However, its
effectiveness depends on the operator and its

interpretation can be subjective, hence
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ultrasound images lead to low reproducibility
(14). It is particularly useful in the evaluation
of dense breast tissue and benign cysts where
mammography may be less sensitive (15).
Despite its benefits, ultrasound can produce
false positives and is often not as effective in
detecting microcalcifications due to over-
reliance on the radiologist's interpretation.

1.2 Artificial Intelligence

The integration of Artificial Intelligence (Al)
into healthcare has revolutionized medical
research, diagnosis, and treatment,
uncovering significant potential. The impact
of Al on diagnostic processes, especially in
analyzing medical images and detecting
abnormalities, has been highlighted in recent
research. This is in line with findings from
studies highlighting the role of Al in
pathology, where Al improves diagnostic
accuracy and eases the workload on
healthcare professionals (16). The application
of Al extends to personalized medicine,
highlighting its role in tailoring treatments
based on individual patient characteristics.
Moreover, different types of Al such as
natural language processing, machine
learning, rule-based expert systems, physical
robots and robotic process automation are
extremely valuable for the healthcare sector
(17). Cumulative evidence shows that Al
holds promise not
diagnostic accuracy but also in advancing
personalized and more effective treatment
strategies. As Al continues to evolve, its
integration into health systems has the
potential to improve patient outcomes,
reduce costs and revolutionize care delivery.

only in improving

1.3 Object detection

Object recognition, a subset of computer
vision, is involved in identifying masses seen
in scans as being benign, cancerous or of no
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malignant consequence (18). It is adept at
precisely localizing and outlining
abnormalities in medical images, such as
tumors or lesions. This technology plays a
vital role in early detection of cancer,
offering the ability to identify subtle signs in
their early stages and enabling timely
intervention for improved outcomes. Object
recognition algorithms can work seamlessly
across various imaging modalities such as
ultrasound, mammography and MRI, among
others, providing a  versatile and
comprehensive approach to cancer detection.
These algorithms increase efficiency by
automating the analysis process, reduce the
workload on healthcare professionals, and
contribute to faster diagnosis by accelerating
the review of medical images (19).

1.4 Image segmentation

Image segmentation is of great importance in
image processing and pattern recognition
(20). The technique examines an image by
The
technique is categorized into 3 subclasses:
thresholding or clustering, image edge
detection and area extraction. The use of this
technique in the medical field is not easy.
Different medical image acquisition methods
pose different problems. The ultrasound
images analyzed in our project contain
speckle noise (21). Segmentation of medical
images is difficult due to the lack or diffusion
of tissue boundaries resulting from low
image contrast and noise (22). Therefore,
images are segmented manually, which is
labor-intensive and time-consuming. This
method is both inefficient and prone to

segmenting it into different areas.

human error (23). Recent studies have
attempted to automate image segmentation.
this  purpose,  supervised
unsupervised learning methods are used.

For and

New image segmentation methods using
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deep learning models have emerged and have
been reported in the literature. Some of them
are convolutional pixel labeling networks,
encoder and decoder systems, multiscale and

pyramid-based approaches, recurrent
networks, visual attention models, and
generative models n contrasting

environments (24). In our project, we used a
visual attention model for segmentation,
which we will explain in more detail later.

1.5 Deep learning

Deep learning is the integration of several
layers of representation learning techniques
into a model that enables a machine to
automatically detect what is needed for
detection or classification when fed with raw
data (25). Deep learning models require less
human support than models that use machine
learning (26). Therefore, current research
prioritizes deep learning models (27,28).
Deep learning techniques have made a lot of
progress, especially due to emerging
multilayer and nonlinear models (29). These
developments have enabled, deep learning
models to be used in the medical field for
image flattening (30), image fusion (31),
image annotation (32,33), image
segmentation  (34),  prognosis  (35),
microscopic image analysis (36) and lesion
detection (37).

1.5.1 Convolutional Neural Networks

Convolutional neural networks (CNNs) are
similar to artificial neural networks (ANNs)
in that they are composed of neurons that
optimize themselves through learning.
Compared to ANNs, CNNs perform more
pattern recognition in visuals (38). They can
work on larger data sets than ANNs. To work
on large data sets, the nerves in CNNs are
arranged in 3D. ANNSs, on the other hand, are
difficult to use on large-scale or greater
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resolution images such as (for example)
those that use 64 x 64 or more pixels. For
ANNSs to function on such data sets, a very
large network needs to be built. This effort is
very laborious and requires computational
performance that most systems do not have
access to (39). In this respect, CNNs are
preferred over ANNs for image segmentation
and classification tasks (40). CNNs usually
consist of 3 main layers. These are the
convolutional layer, the pooling layer, and
the fully connected layer (41).

The biggest obstacle to the use of CNNs in
the medical field is that labeled datasets are
less accessible in the medical field compared
to those in other fields (42). As a solution to
this problem, algorithms that process images
without supervision have emerged. For
example, in "A deep convolutional neural
network architecture for interstitial lung
pattern (43),
unsupervised learning model is used to
better performance

available supervised
Compared to ANNs in general, CNNs are
very effective in executing many tasks such

disease classification" an

achieve than most

currently systems.

Original article

as image segmentation, image classification,
image line detection, especially in areas
where large data needs to be analyzed, such
as the medical field, and have consequently
led to very rapid developments in these fields
(44).

1.6 U-Net

U-Net is an algorithm developed by Olaf
Ronneberger, Philipp Fischer, and Thomas
Brox to reduce the data requirements and
segmentation error of Convolutional Neural
Networks (45). In the U-Net algorithm, there
is an upsampling layer in addition to the
pooling layer found in conventional
Convolutional Neural Networks. Upsampling
seeks to improve the quality of the image by
increasing the sampling rate of the image
introduced into the system (46). In this way,
another convolutional layer that receives the
output of the upsampling layer as input can
access a much more accurate image that has
better resolution. As can be seen in Figure 1,
this process can be repeated several times at
different sizes, resulting in a much smaller
feature map compared to conventional

methods.

output
segmentation
map
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Figure 1. U-Net Architecture Map (45).
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This procedure reduces the amount of noise
in the algorithm and hence reduces the
margin of error (47). U-Net algorithms can
thus achieve similar or better results than
manual expert analysis. While the basic U-
Net algorithm is highly successful, there are
several algorithms that aim to improve the
encoders and decoders of U-Net (48).
Although these algorithms improve the
efficiency of U-Net in some cases, in most
operations they produce similar results to the
basic U-Net (49). Although U-Net algorithms
are widely used in the biomedical field, our
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focus on breast cancer ultrasound images is
one of their least common uses in the
literature. Figure 2, shows that breast cancer
is one of the least researched cancers using
the U- Net model among the cancers focused
on in the papers written involving U-Net.
Figure 2 also shows that the ultrasound
images we are analyzing is one of the least
studied image methods, regardless of the type
of cancer. Accordingly, we believe that the
topic of our project presents a knowledge gap
and necessitates further research.
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Figure 2. Distribution of Research in the Literature by Image Type and Cancer Type (47)

1.6.3 Attention U-Net

Attention U-Net, a U-Net-based algorithm,
was constructed based on the principle of
attention gates in the article "Attention U-
Net: Learning Where to Look for the
Pancreas" (50). Apart from Attention U-Net,
there are several other U-Net-based systems
that have been constructed based on the
"attention" principle in machine learning. It
has been observed that these systems work
more efficiently than traditional CNN
models, provide superior results in improving
the quality of local features and reduce the
false positive rate (51,52). The attention
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system used by the models consists of several
CNNs ‘folded’ on top of each other. This
attention system is divided into stochastic
attention and deterministic attention (53).
While deterministic models always output
the same result for a data set, stochastic
models do not always arrive the same result
because they include and
randomness in their algorithm (54). The
efficiency of attention-based systems varies
according to the attention model they use and
the processing power they can access. In
addition to increasing the number of CNN

uncertainty

layers used, it has been shown that such
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systems increase the efficiency of the
systems by dividing the task into parts and
analyzing them by different attention models
(55).

1.7 ResNet50

ResNet50 is a 50-layer version of the ResNet
CNN model. The ResNet model is a model
developed in response to the difficulty of the
learning process with the increase in the
number of layers seen in deeper and
multilayer traditional networks. The model
facilitates the learning process by skipping
one or more layers using shortcuts. ResNet
requires 3.6 billion FLOPs operations (56).
This is a much lower requirement compared
to the 19.6 billion FLOPs required by the
VGG-19 network developed by Karen
Simonyan in the same year (57). While the
original ResNet had 34 layers, ResNet50 has
been expanded to 50 layers for deeper
learning tasks. ResNet50 can achieve an ID
accuracy of 78.5% when operating on the
general ImageNet dataset (58). This is a
percentage of correct identification that
competes favorably with other models. In
addition, accurate identification rates of up to
99.99% have been reported in areas such as
building damage analysis using ResNet50
(59).

2 Methods

2.1 Libraries
The libraries used in our research are
presented in this section.

2.1.1 Keras

Keras is a high-level, advanced, open-source
application programming interface (API) of
Tensorflow that provides an efficient and
accessible interface for solving machine
learning (ML) problems (60). Keras covers
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every step of the ML workflow, from data
processing to hyperparameterization and
deployment. According to a study by
Manaswi , "keras allows developers to focus
on the core concepts of deep learning, such
as building layers for neural networks, while
taking care of the minutiae of tensors, their
shapes and mathematical details" (61). In
addition, keras can be run on a tensor
processing unit (TPU) or large graphics
processing unit (GPU) clusters or can be
exported to run keras models in a browser or
on mobile devices. Keras models can also be
served through a web API (62).

2.1.2 NumPy

NumPy is the core library for scientific
computing in Python, providing features such
as various derived objects (masked arrays,
matrices, tensors, etc.), including the
multidimensional array object. Being open
source, NumPy's powerful N-dimensional
array object integrates with a wide range of
libraries and is the core library for scientific
computing, underpinning libraries such as
Pandas, Scikit-learn and SciPy. NumPy
arrays can execute advanced mathematical
operations with large datasets more
efficiently and with fewer lines of code than
when using Python's built- in arrays. With
these advantages, it is an indispensable
library for building machine learning models
(63).

2.1.3 Pandas
Pandas is a fast, powerful, flexible and easy-
to-use open-source data analysis and

manipulation tool built on top of the Python
programming language. It was created in
2008 by Wes McKinney. Since pandas is
built on top of the Numpy package, it is open
for use with Numpy, but also works with
other libraries such as SciPy and scikit-learn
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(64). It presents data in a way suitable for
data analysis, especially through the
"DataFrame" and "Series" classes (65).

2.2 Data set

In this project, the dataset used to build deep
learning models for image segmentation and
classification includes breast ultrasound
images of women between the ages of 25 and
75. The images were collected from a total of
600 different women (66).

Original article

Images are categorized into 3 classes as
benign, malignant, and normal. Apart from
the ultrasound images themselves, the cancer
mass of each ultrasound image is segmented
in black and white as separate images in the
dataset. The sample ultrasound and the
segmented black and white cancer mass are
shown in Figure 3. The original dimensions
of the images in the dataset are 500 by 500.

Figure 3. Ultrasound Image (left) and Mask (Right)

2.3 Segmentation algorithm

Attention U-Net was wused for the
segmentation algorithm. Figure 4 is a
representation of the underlying U-Net
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architecture. Figure 5 is a representation of
the architecture of the "Attention Gate" that
is shown in Figure 4.
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Figure 5. Attention Gate Sketch (67)

2.3.1 Data preprocessing

Before training the Attention U-Net model,
the size of each image needed to be adjusted
so that the data was of consistent size and
converted into an array for the deep learning
model. As can be seen in Figure 6, the
images were first converted to a NumPy
array. The images were then resized to a size
equal to the value of the SIZE variable.
According to prior studies, working with 256
by 256 images provided better results with

def load_image(image, SIZE):

U-Net (68). In addition, working with a
smaller image compared to the original
image speeded up the training process of the
model. Therefore, in this project, the images
were fixed to 256 by 256. Finally, the image
values were divided by 255, simplified to the
range 0 to 1, and the values were rounded to
four decimal places using NumPy's np.round
function, again, with the objective to speed
up the training process.

return np.round(tf.image.resize(img_to_array(load_img(image))/255.,(5IZE, SIZE)),4)

Figure 6. Data Preprocessing Code Chunk

2.3.2 Encoder

The encoder block shown in Figure 7
contained the Conv2D, Dropout and
MaxPool2D functions from the Keras library.
It contained two of the Conv2D functions
with a kernel size of 3, which were repeated
multiple times throughout the architecture,
and a Dropout function to reduce overfitting.

2.3.3 Decoder
The decoder block shown in Figure 4 is
shown in Figure 8 by combining functions
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from the Keras libraries. It contained the
Upsampling2D function from the Keras
library and the function that combined the
data processed in the attention gate of the
block opposite to the block processed in the
U-Net architecture.

2.3.4 AttentionGate

The attention gate shown in Figure 5 is
shown as code in Figure 9 written with the
functions in the Keras library.
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**kwargs)

num_f

same’, activatio relu’, kernel initializ he_normal’)

, padding='same’, activatio relu’, kernel initializ ‘he_normal")

ling_layer

f, inputs)

Figure 7. Encoder Block Code Chunk

DecoderBlock(Layer)

(self, num_filters, dropout_rate, **kwargs):
Y. init  (** 5)

.num_filters = num_filters
~ropout_rate = dro t_rate

.upsample = UpsS )
.encoder_blo E } num_fi rs t e, use_pooling=False)

call(self, inputs):
X, skip_x = inputs
upsampled_x =
concatenated_x =
decoded x =

return decoded_x

1tionGate(Layer):

1f, filters, bn, **kwargs):
5 3. £ (=

_normal’)

n_applied

Figure 9. Attention Gate Code Chunk
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2.3.5 Attention U-Net
The model created with the defined blocks is
shown in Figure 10. The functions defined by

input_layer = Input(shape=imag

Original article

considering the U-Net architecture shown in
Figure 4 were called.

ons, dropout_rate=8.1, name="Encoderl”)(

s * 2,

dropout_rate=0.1,

name="Encoder

1s * 4, dropout_rate=8.2, name="Encoder
s * g,

bottleneck

attentionl il 1

* 8, dropout_rate=0.2,
use_bn=True,

ns * 4]
= 4)
ns * 2

* 2

dropout_rate=0.2,

ns * 16, dropout_rate=0.3,

use_bn=True,

dropout_rate=0.

2, use_bn=True,
2, dropout_rate=8.1,

name="Encoder4”)(
pooling=False, name="BottleNeck"

name="Attentionl")([bot
name="Decoder"
name="Attention
2, name="Decoder
name="Attention
name="Decoder3

s, use_bn=True, name="Attentiond4

dropout_rate=0.1,

output_layer = Conv2D(1, kernel_size=1,

model =

Model (inputs=[input_layer],

model . compi

name="Decoder4

activation='sigmoid', padding="same')(

outputs=[output_layer])

le(loss="binary_crossentropy', optimizer="adam', metrics=[‘accuracy'])

Figure 10. Attention U-Net Code

For this segmentation model, 10% of our
data was allocated for validation. The model
was trained with the remaining images. The
"batch" size was kept at 8 to avoid overfitting

BATCH_SIZE = 8
VALID_SPLIT = @
SPE = (int ((1 - VA

results model

m
validation_split=VAl
epochs=17,
steps_per_
batch_size

due to unequal values of the model's dataset
for each cancer type and low graphics
processing unit memory. The model was run
for a total of 51 epochs (17 + 17 + 17 + 17).

SPLIT) * len(images)))//BATCH_SIZE

Figure 11. Data Splitting Code Chunk

The predictions were given a value between
0 and 1, and the values > 0.5 were set equal
to 1 and the remaining values < 0.5 were set
to 0. Thus, a mass was obtained as shown in

Journal of High School Science, 8(3), 2024

Figure 12 with labels
“Predicted Mask™ and
respectively.

“Original Mask”,
“Processed Mask”
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Figure 12. Mask Images, Original (left), Predicted (middle), Processed (right)

2.4 Classification algorithm 2.4.1 Data preprocessing

For classification, the pre-trained Resnet50 Since the images in the
trained with superimposed separated into ‘ultrasound’ and ‘segmented
mass’, the images were merged with the code
in Figure 13 before training the model.

Figure 14 shows one of the merged images.

dataset were

model was
ultrasound and segmented mass images.

lay(image_path, mask_path):

if image.size !

imag

overlayed = Image.blend(ir , alpha=0.5)

Figure 13. Data Preprocessing Code Chunk for Classifcation Model

Figure 14. Merged Image
2.4.2 Resnet50

Journal of High School Science, 8(3), 2024 180



A summary of the Resnet50 model is shown
in Figure 15. The model was run for 10
epochs with a batch size of 8. The dataset of
780 images was divided into 3 parts: benign,
malignant, and normal, and 20% of the data

Model: "sequential”

Layer (type)
resnetse (Fu on.
flatten (Flatten)

dense (Dense)

dense_1 (Dense)

Trainable params: 1,050,627
Non-trainable params: 23,587,712

Output

(None,
(None,

(None,

Original article

was allocated for validation. The validation
and training dataset extracted with the
"image dataset from directory" function of
Keras was fitted to the Resnet50 model using
the ".fit()" function as shown in Figure 16.

Shape
2048)
2048)
512)

1049088

3) 1539

Figure 15. Resnet50 Summary

EPOCHS =
results =

10

resnet_model.fit(
train_ds,

validation_data=val ds,

epochs = EPOCHS

Figure 16. Epoch Code Chunk

3 Results
This section presents the results of our study.

3.1 Image segmentation

Figure 17 shows the accuracy and loss rates
of the image segmentation deep learning
model for the last 17 epochs. This model
showed better results on validation data that
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it had not seen before. There is a significant
difference in the accuracy of the training set.

The model was not trained further to avoid
overfitting due to the visible increase in
training accuracy. The model achieved a
prediction accuracy of 99.35%.
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Figure 17. Model Loss and Accuracy Graphs

3.2 Classification model

Figure 18 shows a confusion matrix extracted
from the wvalidation dataset of the
classification model using the pre-trained
Resnet50 model. The model made the most
errors in the presence of cancer masses. A

benign

malignant

True label

normal

benign

malignant
Predicted label

cancer-free  individual correctly
predicted to be cancer-free every time. Based
on the wvalidation data 97.43% of the
predictions were correct. An example of a
prediction is shown in Figure 12.

was

normal

Figure 18. Confusion Matrix

4 Conclusion and discussion

The results show that our model has an
accuracy rate of 99.35% for image
segmentation and 97.43% for image
classification. This is better than current deep
learning models compared to the results of
Kim et al. where the authors compared the
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accuracy of radiologists and their own deep
learning models.

An important reason for this high accuracy
may be the simplicity of the dataset we used.
The variance between images in the dataset
was low. The images in the dataset were
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generally simple cyst images with less
artifacts than other types of images. For these
reasons, the model needs to be trained with
larger datasets containing other types of
ultrasound images in order to be used with
other datasets. The most important advantage
of our model over current models that
perform both segmentation and classification
is that it blended 2 different models. Since
other models use a single model, their data
processing speeds are slightly faster, but their
accuracy rates are usually lower due to the
number of and model-specific
limitations.

layers

Although the segmentation and classification
models developed in this project presented
with very high accuracy rates, they are not
without their limitations. As mentioned in the
introduction, breast cancer is a very common

disease today and can have serious
consequences. Therefore, its diagnosis is a
serious matter. While the segmentation

model we have created is a tool that can help
doctors in mass detection, it is not yet to be
able to perform at a level that can provide a
definitive diagnosis on its own.

However, with a much larger and more
detailed dataset, that goes beyond classifying
just benign and malignant cancer masses to
including BI-RADS categories of masses, it
is likely that this model will be able to detect
masses that
detection.

can cveén ¢escape manual

5 Recommendations

There is room for improvement in the
software and data set of the model. Several
integration methods for using the model in
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real life are described in this section.

5.1 Increasing processor power for the CNN
using more layers

The model created in the project was trained
and run on a home computer with RTX3060
and 16GB RAM. This process took a large
amount of time due to the lack of processing
power of the computer. If there was a
computer with more processing power, the
model could have run with a higher accuracy
rate using CNN models that use more layers,
such as ResNetl01. The processing power
can be increased by using a computer with
more advanced features or machine learning
platforms such as Azure over the cloud.

5.2 Making the software accessible via the
Turkish National Health System (E-Nabiz)
for the use of radiologists and specialists
E-Pulse (E-Nabiz) is a personal health record
system used in Turkey, implemented by the
Ministry of Health of the Republic of Turkey,
where citizens can view and manage their
personal health information individually on
the Internet-based service and phone
application.

Our model can be integrated into E-Pulse,
making it accessible to both radiologists and
patients independently. Ultrasound images
can be analyzed by our model as soon as they
are uploaded to E-Pulse, even before they are
available to radiologists. This makes it easier
for radiologists to analyze the images and, as
mentioned in our article, reduces the margin
of error in the diagnosis of the image. Even if
the image in front of radiologists still
contains a margin of error, it would still serve
as a reference point for professionals.
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