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Abstract

Objective Diagnosis of cancer at the benign stage is crucial. Recently, pathologists have been using computer-aided diag-
nostics with machine learning to diagnose patients from medical images. The limitation of the medical image dataset is a
challenge to obtain a robust model for cancer identification. This research was conducted to address this issue. The weight
of the pre-trained model can be learned more efficiently with a limited amount of data. However, the training process is
conducted by customizing the freeze rate so that feature extraction is preserved besides tuning some hyperparameters.
Methods Transfer learning is a technique that can handle data limitation issues in the medical field. Transfer learning will
reuse pre-trained model for different or specific task. Choosing an optimum architecture and hyperparameters in machine
learning is very important to improve model performance. In our experiment, we carried out a hyperparameter optimization
of various deep learning architectures that classifies images containing healthy and cancer tissue.

Result The research concludes that CNN with architecture DenseNet121, freeze rate 75%, zero hidden layers on the classifier,
learning rate 0.001, and optimizer RMSProp have the best performance with 98% accuracy and 19.5 s training time using
NVIDIA A100 GPU accelerator. Testing with the real dataset for future direction will be an achievement for the model’s
success.

Conclusion This research has successfully optimized the Densnet121 deep learning architecture by tuning parameters. With
a harmonic means value of 0.98, DenseNet121 outperforms the others. Compared to Camelyon, ImageNet still becomes the
baseline of the transfer learning dataset because it has a rich amount of data.
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Introduction

According to research by the World Health Organization,
cancer is one of the leading causes of death in the world
(WHO IARC 2018). Based on the data collected, it is esti-
mated that there will be 19.3 million new cancer cases and
10 million deaths due to cancer in 2020 (Sung et al. 2021).
Cancer is a condition in which cells grow uncontrollably
and spread to other organs. The uncontrolled multiplica-
tion of cells can form tumors. Tumors can be benign or
malignant. Malignant tumors can spread to other tissues
through the lymph node system to form new tumors. The
most important thing in cancer treatment is detecting it
and treating it at a benign stage.

The test methods used to detect cancer, especially colo-
rectal cancer, such as colonoscopy and flexible sigmoi-
doscopy (Lin et al. 2021). A pathologist performs this test
method by analyzing colorectal tissue in situ using a tool.
With the development of computer technology, patholo-
gists are using tools such as computed tomography to
obtain detailed tissue in the form of medical images that
can be further analyzed. Currently, there are many stud-
ies that analyze medical images using a computer called
computer-aided diagnosis (CAD) (Halalli and Makandar
2018). Computer-aided diagnosis (CAD) with medical
images is increasingly used to assist pathologists in the
process of detecting, diagnosing, and prognosing disease.
Most of the use of CAD is to analyze cytology images
because cytology images can be obtained by minimally
invasive surgery (Gurcan et al. 2009). However, histo-
pathological images provide a more comprehensive pic-
ture of the disease and its effects on tissues, because the
image collection process preserves tissue structure. Thus,
histopathological image analysis is the gold standard in
diagnosing diseases such as cancer (Histopathology is ripe
for automation. 2017).

Machine learning (ML) is a technology that has been
used to help pathologists detect various types of cancer.
For example, Zotin et al. (2019) extracted various types of
structures from X-ray images and used a neural network
to detect lung cancer. (Haryanto et al. 2017) used a con-
volutional neural network (CNN) to identify colon cancer
on histopathological gland images. Machine learning is
a branch of artificial intelligence that allows computer
systems to learn from examples, data, and experiences.
The challenges and opportunities of machine learning
for digital pathology image analysis are comprehensively
explained (Madabhushi and Lee 2016). Machine learn-
ing can be used to solve quite complex problems, such
as creating a model that can accurately detect cancer in
medical images. Machine learning requires a lot of data
to solve complex problems, whereas medical images are
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generally available in limited quantities. To overcome
this issue, Haryanto et al. (2021) propose the conditional
sliding window (CSW) technique to reproduce data by
taking sub-samples from the images in the dataset. The
data augmentation method is also one way of reproducing
data by giving a transformation to an image, for example,
a geometric transformation, such as rotation, or a color
transformation, such as adding brightness. In the article
by Haryanto et al., they built a colorectal cancer detection
system by training a Convolutional neural network using
datasets processed using Conditional Sliding Windows
(CSW) and augmentation. The technique proposed the
resulting model with an accuracy of 81%.

Colorectal cancer, a type of cancer that has a high mor-
tality rate and prevalence in the world, is still an interest-
ing research area to study using digital imaging and deep
learning approaches. Combining the ranking algorithm and
CNN has been proposed for detecting colon cancer location
and classification with performance above 90% in terms of
accuracy, recall, and precision (Karthikeyan et al. 2024)
(Yao et al. 2024). Deep learning helps radiologists detect
colorectal cancer with contrast-enhanced CT images. The
construction prognostic model for stadium III colorec-
tal cancer was developed using VGG19 transfer learning
on Whole Slide Images (WSI) (Zhou et al. 2024). This
research achieved 94.4% accuracy for nine types of tissue.
Colorectal cancer cell detection has been successfully car-
ried out using YOLO and a variation of Residual Network
(ResNet) as a hybrid architecture producing 98.70% accu-
racy (Haq et al. 2024).

Currently, deep learning is not only a technique for solv-
ing classification problems but also can perform feature
extraction through a convolution mechanism. In terms of
classification, RNN and CNN are proven to produce better
performance compared to several other classifiers (Ershadi
and Seifi 2022). DeepSVM is a novel proposed method as a
hybrid framework between deep learning and support vec-
tor machine (SVM). Various deep learning architectures are
applied as a technique to extract features, which are then
combined with SVM to classify histological images of colo-
rectal cancer (Khazaee Fadafen and Rezaee 2023).

Transfer learning is one technique that is currently being
researched to address the issue of limited amounts of data.
Transfer learning is a method in which the knowledge gained
during the learning process to solve a problem is used to solve
different problems. Transfer learning techniques have been suc-
cessfully applied to create models that can detect breast cancer,
cervical cancer (Li et al. 2019), skin cancer (Kalaiarasan et al.
2022), and lung cancer (Humayun et al. 2022) (Ren et al. 2022)
that exceed the performance of models trained from scratch.
The performance of deep learning can be improved by optimiz-
ing the hyperparameter values. There are some research related



Research on Biomedical Engineering

to the overview of transfer learning, such as Weiss et al. (2016),
Panigrahi et al. (2021), and a comprehensive literature review
(Zhuang et al. 2021). Hyperparameters in transfer learning are
variables that control the learning and training process of the
model. There are several hyperparameters that, if they have
the right values, can improve performance both in terms of
accuracy and the required training time. Each hyperparameter
has a large selection of values, so obtaining a set of hyperpa-
rameter values that produce the model with the best perfor-
mance is necessary. Our research motivation is how to find
the best hyperparameter among various pre-trained models.
This research will look for combinations of hyperparameter
values that produce the best performance in terms of accuracy
and training time with transfer learning techniques and analyze
the effect of these hyperparameters. The contributions of our
research are as follows:

e This research proposed a robust model based on the
transfer learning approach for colorectal cancer classi-
fication, DenseNet121.

e From 945 model candidates, DenseNet121 with a 75%
freeze rate, 0.001 learning rate, and RMSProp is the best
combination of the model.

Related works

This section describes research related to histopathology
image-based cancer identification using a deep transfer
learning approach. Several comparative studies of the trans-
fer learning approach used to identify colorectal cancer are
presented (Hosseinzadeh Kassani et al. 2022). More than 15
methods are reviewed in this article. From these methods, it
is revealed that InceptionResNetV?2 is superior to the others.
Deep learning has open problems that allow researchers
to carry out optimizations to improve the performance of
the proposed model. Galactic Swarm Optimization (GSO)
is proposed as a hyperparameter tuning to improve model
performance (Escorcia-Gutierrez et al. 2022). The screen-
ing and analysis process for metastatic colorectal cancer
tissue is necessary to prevent spreadable (Khan et al. 2023).
The transfer learning capability to develop a model on the
MNIST colorectal histology data set has been successfully
implemented. This transfer learning has been successfully
used for both feature extraction and classification pro-
cesses (Reis and Turk 2023). Several related studies are
presented in a summary table to show the potential of our
study (Table 1).

According to Table 1, the use of transfer learning to iden-
tify colorectal cancer is quite promising for future research.
Several open problems in transfer learning have the oppor-
tunity to obtain a robust model.

Material and methods

This section describes highlights of the process used to clas-
sify colorectal cancer. The first part describes datasets and
augmentation, and then transfer learning models and hyper-
parameter tuning to produce a robust model. The experi-
mental setup section also describes the environment during
training for both software and hardware. In this section, we
also explain the formulation used to assess the performance
of the model.

Design of robust transfer learning for colorectal
cancer identification

The development of the transfer learning model requires a
combination of several hyperparameters and a base model
as an initialization. In our study, there were 945 candidate
models after combining all of experiment scenarios which
will be explained in detail in Table 5. In general, the flow of
developing the transfer learning model is shown in Fig. 1.

Dataset collection

The dataset used in this study was provided by Warwick
University in the 2015 Gland Segmentation Challenge Con-
test (GlaS) (Sirinukunwattana et al. 2015, 2016). The War-
wick dataset consists of 165 histopathological images taken
from 16 colorectal tissues stained with hematoxylin and
eosin (H&E). There are 74 images annotated with benign
cancer (Benign) and 91 images annotated with malignant
cancer (Malignant). In the GlaS 2015 event, the dataset was
divided into three parts: Training, Test Part A, and Test Part
B. This division will be explained further later. Most of the
images have a size of 755 %522 pixels, but some have dif-
ferent sizes. Each colorectal tissue used comes from another
patient and the tissue is processed at different occasions. As
a result, this dataset has a high level of variation both from
the aspect of staining distribution and network architecture.
The details of the benign and malignant dataset for colorec-
tal histopathology images are shown in Table 2.

Usually, when taking histopathological images, lymph
nodes (lymph glands) are taken from the patient’s body and
placed on a glass slide for analysis by a pathologist (Bejnordi
et al. 2017). The tissue on the glass slide is scanned using
a high-speed whole slide scanner. This process is called
Whole Slide imaging and results obtained are called whole
slide images (WSI). Digitized WSI provides many conveni-
ences for research and education needs (Pantanowitz et al.
2012). Shifting from conventional glass to WSI can sup-
port cancer analysis via virtual microscopy (Idlahcen et al.
2020). Prior to scanning, the glass slide will be stained with
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Table 1 (continued)

Contribution

Performance

Technique

Dataset

Study

Micro-Net is a proposed deep learning

Dice: 0.857

Colorectal cancer Micro-Net

Raza et al. (2019)

network architecture that has the

Warwick dataset

ability to segment histopathological

images of colon cancer

Transfer Learning and feature concat-

Accuracy PAP-smear: 92.63%

2D-Hela: 92.57%

Inception-v3
ResNet-152

PAP-smear

Nguyen et al. (2018)

enation

2D-Hela

Inception-ResNet-v2

This study proposes the role of con-

DCAN fully convolutional network

Colorectal cancer
Warwick dataset

Chen et al. (2017)

tour information in histopathologi-
cal images of colon cancer for the

(FCN)

segmentation process, so it is known
as Deep Contour Aware Network

(DCAN)

hematoxylin and eosin (H&E). Hematoxylin and eosin give
color to tissues so that cell structures such as cell nuclei
are easier to see. As can be seen in Fig. 2, the results of the
staining on a glass slide give the tissue a pink-purple color.
There are variations in color and size for each WSI collec-
tion due to differences in lab conditions, scan tools, staining
protocols, or tissue types (Inoue and Yagi 2020).

The availability of medical image datasets is a challenge.
Therefore, using several techniques to generate datasets is
an alternative. On the other hand, for more detailed analysis,
the histopathological image must be enlarged to a magni-
fication level of up to 400 X . Large datasets are needed to
represent the population, so the system can generalize. The
Warwick dataset has a very limited number, so it is neces-
sary to generate the data. The data generation process is
achieved using the CSW technique to enrich the dataset as
the first preprocessing step. This technique produces data
by subsampling from the original data, so that the amount
of data increases. Subsampling is done by cropping an area
of the image and then cropping the next area. The size of
the cropped area (window size) is set first. Haryanto et al.
experimented with several different window sizes and dif-
ferent overlap schemes. Previous research found that a win-
dow size of 300 x 300 pixels with an overlap of 50 pixels
produces the best performance. Overlap is considered to
reduce the loss of information. This study will use the same
scheme, namely window 26 size 300 x 300 with an overlap
of 50 pixels. Table 3 shows the amount of data before and
after the data generation process using CSW.

Data augmentation

The data augmentation process is carried out to overcome
the limited data. Data augmentation is a technique for
increasing the number and quality of datasets (Shorten and
Khoshgoftaar 2019). Some examples of image data aug-
mentation are geometric transformations, color transforma-
tions, random erasing, adversarial training, and neural style
transfers. In this study, geometric transformation and color
transformation methods are used to augment the data. The
geometric transformation used follows previous research.
At the same time, the color transformation used follows
(Liu et al. 2017), who won the CAMELYON’ 16 Challenge,
which is a competition for making a breast cancer detection
system. Details regarding the augmentation techniques used
and their value ranges are presented in Table 4. We visualize
the result of augmentation techniques in Fig. 3.

Transfer learning approach
Transfer learning is the process of using learning that has

already been done to solve a problem to solve a different
problem. The learning outcomes (optimized parameters)

@ Springer
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Testing data

[sensitivity, specificity, harmonic

architectures | Freezerate | FCN layer | Learning rate optimizer
MobileNet 0% ] 0,0001 Adam
DenseNet121 | 0% 0 0,0001 Adam
ReseNetXT50 | 100% 3 0,01 SGD
Augmentation :
Rotation
vertical flip
horizontal flip
Model Development /
> Training T
[training time, loss history]
v
> Evaluation no

mean)

Conditional sliding window [10]

Fig. 1 Flowchart of robust model transfer learning model colorectal cancer identification

I

Final
combination
hyperparameter

Table 2 Warwick dataset for colorectal histopathology can be used as the initial parameters of another model that

Class label Number data

solves different problems, so the model does not need to
start with randomly filled parameters. Then, this model

Training Validation Testing - will be retrained through a re-learning process (fine-tun-
Benign 37 33 4 ing) to solve different problems. Several variables affect
Malignant 48 27 16 the ability of the model to learn. This variable is called

Fig.2 (a) Benign tissues. (b)
Malignant tissue

@ Springer
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Table 3 Result of data generated by Conditional Sliding Windows
(CSW)

Class label Number data

Before CSW After CSW
Benign 74 430
Malignant 91 532

Table 4 Detail applied augmentation for colorectal histopathology
dataset

Augmentation techniques Values range

Random horizontal flip {0.1}
Random vertical flip {0.1}
Random rotation {=30-30}
Random adjust brightness {=0.25-0.25}
Random adjust hue {-=0.4-0.4}
Random adjust saturation {—0.25-0.25}
Random adjust contrast {=0.75-0.75}

are architecture, learning rate, optimizer, regulariza-
tion, batch size, and initial weight. Models that use their
parameters as initial parameters for other models need to
be trained on a large number of datasets. In another sense,

Fig.3 Visualization of augmentation techniques

Fig.4 Illustration of transfer

the model must be a robust model. Transfer learning
effectively solves problems that use images as a modality
because images generally have similar low-level charac-
teristics. Because of its shape, there are additional prop-
erties when CNN uses transfer learning. CNN consists
of many layers, and in general, it can be divided into two
parts, namely feature extractor and classifier. The feature
extractor section transforms images into feature maps, and
the classifier then uses these feature maps to produce the
output labels. In transfer learning, a new model is cre-
ated, and its parameters are initialized with parameters
from the learned model to solve another problem. There
is an option not to retrain some of the initial/low-level
layers due to the nature of low-level similarity, mean-
ing that the parameters in the low-level layers produce a
good feature map for new problems and do not need to
be retrained. This is called the freeze rate. An illustration
of the transfer learning process to create a final model is
presented in Fig. 4.

Hyperparameter optimization

Hyperparameters are very important in machine learn-
ing because they directly control the training process and
have a significant effect on a model performance machine

Contrast: -0.75

learning approach

Training
—P@ Pretrained DenseNet| —» Hype:pa-rameter —V@ Final Model DenseNet
unin;
—P@ Pretrained Inception | —» “ —V@ Final Model Inception
IMAGENET|— 4
_>8 Pretrained MobNet |—j n »8 Final Model MobNet
_>8 Pretrained ResNet [ ” _>8 Final Model ResNet
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learning (Hutter et al. 2019). Hyperparameters are vari-
ables that must be determined before the training process
begins. Finding the most optimal set of hyperparameter
values is called hyperparameter optimization. In this
research, hyperparameters are included in the process
search: CNN architecture, freeze rate, number of layers in
the classifier, optimizer, learning rate, and initial weight.
There are two methods for hyperparameter optimization,
grid search and random search. In this research, we apply
grid search to obtain the best hyperparameters. Grid search
is usually used for small search spaces of hyperparameters,
but if we have so many hyperparameters, random search
is a more suitable technique. The specification of archi-
tectures for transfer learning adopted in this research is
shown in Table 5.

The hyperparameters optimization process is carried
out using the grid search method. The program will build
and train the model with every combination of the hyper-
parameter set to reach the conclusion of the hyperparam-
eter combination with the best performance. Because
there is an element of randomness in the learning process,
this process is repeated five times so that the conclusions
reached are correct. Table 5 displays the hyperparameters
and their values to be used in the search process. From the
table, it can be calculated that the total set of combinations
investigated is 945 combinations model candidates.

The choice of freeze rate is related to the ability of
the model in the feature learning layer to histopathology
images. With several percentage values of freeze rate, we
are able to gain insight into the selected basic architecture.
The value of the freeze rate shows how much of the per-
centage of weight is used as non-trainable parameters. As
an illustration, if we use a value of 75%, it means we only
use 25% of the layer to learn to adapt to the new dataset.
This approach is particularly useful when the new dataset
is relatively small, as it prevents overfitting and makes
the training process more efficient. For this reason, in this
study, we used several combinations of values considering
quartiles statistically.

A fully connected layer is the model’s ability to train
the results of the feature learning process. We use three

Table 6 Hardware specification for training

Hardware Specification

CPU Dual AMD Rome 7742

RAM 32 GB

GPU NVIDIA Tensor Core GPU A100

FP64 Tensor Core: 19.5 TFLOPS—VRAM
63 GB
GPU Memory bandwidth: 1.935 GB/s

optimizers that are widely applied to transitions between
layers, namely: Adam, RMSProp, and SGD. Some values
are used to consider how detailed the model is able to learn
from the available dataset, as well.

Experimental setup

For each combination, the model will be trained for a maxi-
mum of 100 epochs. In each epoch, there are two phases,
namely the training and the validation phases. In the training
phase, the model will predict the labels from the input set
train, which will then be evaluated using the Cross-Entropy
function. The loss value will be used to adjust the model
parameters with the optimizer algorithm and learning rate.
The duration of this phase will be recorded for each epoch;
the loss value, accuracy, sensitivity, and specificity are also
recorded. In the validation phase, the model will again be
evaluated with the validation set as input. Loss values, accu-
racy, sensitivity, and specificity are also recorded in this
phase. This training process also uses the Early Stopping
mechanism.

The training process will stop five epochs after the
model reaches both sensitivity and specificity evaluations
above 95%. This was done because the pre-experiments
showed quite a number of combinations that converged in a
few epochs. So the authors decided to set the threshold for
early stopping. After running the last epoch, the model will
be filled again with the parameters in the epoch with the
smallest loss. The training process uses a batch with size
of 32. A batch size of 32 will accelerate the step toward

Table 5 Combination

Architectures Freeze rate Number of fully Optimizer Learning rate
hyperparameters for deep connected layer
learning architectures
DenseNet121 0%, 25%, 50%, 75%, 100% 0,1,2 Adam 0.01
DenseNet161 RMSProp 0.001
SGD 0.0001

Inception_v3
MobileNet_v2
ResNet18
ResNet50
ResNext50

@ Springer
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convergence but is quite computationally heavy. Each
model in this study was trained using the Nvidia DGX
A100 system hardware, which is explained in Table 6. The
library used to train the model in this study is Pytorch.
Pytorch provides many pre-trained models to solve clas-
sification problems on ImageNet datasets. Meanwhile, the
pre-trained model on CAMELYON has a ResNet architec-
ture, and hyperparameter optimization is only done with
this architecture.

Model evaluation

The evaluation phase begins by using a test set as the input
model. The last layer of the model consists of two neurons
that represent labels (benign, malignant). The Softmax
function converts the model output into probabilities for
each class. Therefore, the label predicted by the model
can be concluded as the class with the most significant
probability.

Because the type of problem in this study is binary classifi-
cation, the determination of evaluation metrics (true positive
(TP), false positive (FP), true negative (TN), and false negative
(FN)) can be calculated easily. From these four assessment
metrics, model accuracy performance can be measured with
accuracy (1), precision, fl-score, sensitivity, and specificity
metrics. ROC and AUC metrics can also be calculated using
the results of calculating the probability of malignant class
test data. The metric used as a reference for model accuracy
performance is the harmonic mean defined (4). The value of
the accuracy metric can be affected by the distribution of the
data. The harmonic mean metric is used because the class
distribution in the test set is unbalanced; the harmonic mean
measures the accuracy of the model as if we were “blind” to
the class distribution.

TP

Sensitivity = ]-P-F—FYV (1)

e N
Specificity = ————
Py = IN+ Fp @
Accuracy = TP+ IN 3
TP+ FP+ TN + FN
Harmonic mean = \/ Sensitivity X Specificity “)
Results

Experiment result and trade-off

To determine the best architecture, we should consider per-
formance and training time. As the initial result in terms
of performance, Table 7 shows us the model performance
ascending by sensitivity because an acceptable rate for clini-
cal diagnosis is very critical in medicine.

However, the best architectures consider how long we
spend training for our model. Table 7 records information
related to the performance of the model using harmonic
mean and total training time as well. The best model was
determined by grouping experimental results based on their
accuracy and looking for the fastest hyperparameter com-
bination at that level of accuracy. With this method, we can
determine where the trade-off between accuracy and train-
ing time is the most optimal. It can be seen in Table 8 that
the hyperparameter combination densenet121-75-0-0.001-
RMSprop has an accuracy difference of only 0.5% with the
hyperparameter combination with the best accuracy, namely
inception_v3-50-0-0.01-Adam. The train time required by
densenet121-75-0-0.001-RMSprop is only 19.5 s, which
is 30 s faster than the time required by inception_v3-50-0-
0.01-Adam. So it can be said that densenet121-75-0-0.001-
RMSprop is one of the best hyperparameter combination
candidates.

Table 7 Initial performance of

) . No Architectures—FreezeRate—-LayerFCN— Harmonic mean Sensitivity Specificity

afchltectures. gss:endmg by the Learning rate-Optimizer

highest sensitivity
1 inception_v3-50-0-0.01-Adam 0.989 0.979 1.000
2 mobilenet_v2-50-1-0.0001-RMSprop 0.984 0.968 1.000
3 resnext50_32 x4d-75-2-0.01-SGD 0.984 0.968 1.000
4 resnext50_32 x 4d-75-1-0.0001-Adam 0.984 0.968 1.000
5 densenet121-75-2-0.01-RMSprop 0.984 0.968 1.000
6 resnext50_32 x4d-50-1-0.0001-SGD 0.984 0.968 1.000
7 densenet161-75-2-0.01-RMSprop 0.984 0.968 1.000
8 densenet121-75-0-0.001-RMSprop 0.984 0.968 1.000
9 mobilenet_v2-75-1-0.01-Adam 0.984 0.968 1.000
10 densenet161-75-1-0.01-Adam 0.984 0.968 1.000
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Table 8 Performance of transfer

Jearning with full training time No Architect.ur.es—FreezeRate—LayerFCN—Learnin g Total training time Harmonic mean
rate—Optimizer
1 resnet18-75-0-0.0001-Adam 159 0.95
2 resnext50_32 x 4d-75-2-0.0001-RMSprop 172s 0.96
3 densenet121-25-0-0.0001-RMSprop 18.5s 0.97
4 inception_v3-50-0-0.01-SGD 18.6 s 0.95
5 resnext50_32 x 4d-75-2-0.0001-Adam 189 s 0.96
6 resnext50_32 x4d-75-0-0.01-SGD 19.0s 0.96
7 resnext50_32 x 4d-75-0-0.0001-RMSprop 19.1s 0.97
8 densenet121-75-0-0.001-RMSprop 195s 0.98
9 resnet18-50-1-0.0001-RMSprop 19.6 s 0.96
10 resnet18-0-1-0.01-SGD 19.7 s 0.95

The data in bold indicate the best combination of hyperparameters

Table 9 Combination hyperparameters

Hyperparameters Values
Architecture DenseNet121
Freeze rate 75%
#layer FCN 0
Learning rate 0.001
Optimizer RMSProp
Initial weight ImageNet
Table 10 Confusion matrix
Actual class Predicted class

Benign Malignant
Benign 24 0
Malignant 3 93

The combination of densenet121-75-0-0.001-RMSprop
has a training time of 3 s slower than the fastest combina-
tion but with an accuracy difference of 3%. The increase in
training time for 3 s is not significant compared to the 3%
increase in accuracy. So, it can be concluded that the com-
bination of densenet121-75-0-0.001-RMSprop is the best
hyperparameter combination in accuracy and training time
required (Table 9).

The model selected will be analyzed more deeply. The
analysis was carried out by evaluating the model with met-
rics such as recall, precision, and fl-score. To evaluate
the model, the image data after augmented are tested and
reported via the confusion matrix presented in Table 10.

Experimentally, the DenseNet architecture with a total
of 121 layers (DenseNet121) was the architecture chosen.
By combining hyperparameters such as freeze rate con-
figuration, number of fully connected layers, activation
function, and learning rate, we get a robust model as the
findings of this research.

Comparative analysis

Based on the results of the research conducted, we com-
pared it with previous studies on several metrics param-
eters such as accuracy, sensitivity, specificity, recall, pre-
cision, and fl-score. All comparative analysis is limited
to the existing methods using the Warwick dataset for
colorectal cancer. The results are presented in Table 11.
In the field of anatomical pathology, pathologists carry
out tests by analyzing sensitivity, specificity, fl-score,
and accuracy values, and then comparing them with pre-
vious studies. Table 11 presents the results of our pro-
posed model among several models from other studies
using similar dataset.

Table 11 Comparative analysis
with existing techniques

using the Warwick dataset
(Sirinukunwattana et al. 2015,
2016)

Methods Accuracy  Sensitivity  Specificity  Precision  fl-score
CNN 7-5-7 (Haryanto et al. 2021) - 0.820 0.815 - -
DCAN (Chen et al. 2017) - - - - 0.887
ResNet (Escorcia-Gutierrez et al. 2022) 0.800 0.870 0.830 - -

PHP +CNN (Qaiser et al. 2019) - 0,922 - 0.936 0.924
Micro-Net (Raza et al. 2019) - - - - 0913
Ours (densenet]121-75-0-0.001-RMSprop)  0.975 0.968 1 0.88 0.920

The data in bold indicates the highest value in term of metrics performance
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Freeze rate analysis to training time

Based on the literature study conducted, not many studies
have analyzed the effect of the freeze rate on model per-
formance. CNN consists of many layers, and in general,
it can be divided into two parts, namely feature extractor
and classifier. The feature extractor section converts input
images into feature maps, whereas the classifier uses these
feature maps to produce label outputs. A freeze rate of 0%
means that all layers in the feature extractor are retrained
and a freeze rate of 100% means that no layers in the feature
extractor are retrained; in other words, the feature extractor
section uses the weights from the model trained with differ-
ent datasets and only the classifier section retrains with the
dataset. Warwick. A freeze rate of 25% means that 25% of
the feature extractor layers from the very front are frozen
(not retrained), and the remaining 75% are retrained. A 0%
freeze rate will be used for performance changes to other
freeze rate values. Table 12 shows the impact of the freeze
rate to the training time for each transfer learning model.

Analysis impact of initial weight

In the transfer learning technique, the weights of the newly
created model are filled with the weights of other mod-
els (but with the same architecture) that have been opti-
mized to solve specific problems. The optimized weight is
specific to solving that specific problem; in other words,
other models trained with different datasets will have dif-
ferent optimized weights. So that we can determine that
our model is filled with the weight (initial weight) of the
model that was trained to solve different problems and
datasets. In this study, the weights of the models trained

with the ImageNet and Camelyon datasets will be used as
initial weights. ImageNet was chosen because this dataset
has a large number of classes and a very large amount of
data. Camelyon was chosen because this dataset contains
histopathological images of breast cancer, which are simi-
lar in characteristics to the dataset used in this study.

The discussion of initial weights is separated from other
hyperparameters because only the resnet18 architecture is
available with the initial weight Camelyon16. The effect
of the initial weight is analyzed using the same method
as the freeze rate analysis process, which compares the
performance between models with the same configuration
but different initial weights. Of the models that have the
Camelyon initial weight, the hyperparameter combinations
that produce the best models are shown in Table 13.

Comparative analysis of the initial training time
and performance of Imagenet and camelyon

Table 14 shows the average change in model performance
that has the same set of hyperparameter values but with
different initial weight values at each freeze rate level. It
was found that the model with the initial weight ImageNet

Table 13 The best parameter

o Hyperparameter Value

combination for Camelyon

initial weight Architecture ResNet18
Freeze rate 0%
Total layer FCN 1
Learning rate 0.0001
Optimizer Adam
Initial weight Camelyon

Table 12 Freeze rate analysis to
training time

Model #trainable parameters Metrics

Freeze rate

(0%) Baseline 25%  50%  75% 100%

MobileNetV2-2.226.434

difference with baseline

DenseNet121-6.955.906

Average total training time 2m0s

Average total training time 2m13s

1m39s 1ml8s Imlls 2m38s
Om21ls Om42s Om49s Om37s

Imlls 1Im7s Iml6s 3mb6s
difference with baseline - Im2s 1m6s OmS56s Om53s
Average total training time 1m49s Im34s 1mS5s Om57s 3m2ls

ResNet18-11.177.538

difference with baseline -

ResNext50-22.984.002

difference with baseline

ResNet50-23.512.130

difference with baseline

Inception_V3-25.116.362

difference with baseline

DenseNet161-26.476.418

difference with baseline

Average total training time 2m20s
Average total training time 4m55s
Average total training time 2m28s

Average total training time 5m19s

Om15s Om43s Om51s 1m3ls
Im13s 1m3s Om59s 2m40s
Im6s 1ml6s 1m2ls Om20s
2m45s 2ml5s 1m53s 3mlls
2m10s 2m39s 3m2s 1md4s
Im4ls 1mlls Iml4s 2m37s
Om47s 1ml7s Iml3s Om9s
2ml7s 2mlls 1m47s S5m7s
3m2s 3m8s 3m32s Oml2s

In column baseline, the information “difference with baseline”, all off value is

« 2
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Table 14 Comparative analysis

Metrics Initial weight Freeze rate
of ImageNet and Camelyon
dataset 0% 25% 50% 75% 100%
Total training time Camelyon 2m0s 3m36s 2m56s 2m23s 3m42s
ImageNet 1m49s 1m34s 1mS5s 0mS57s 3m21s
Accuracy Camelyon 88.0% 92.2% 94.8% 95.6% 85.1%
ImageNet 87.5% 94.8% 94.9% 95.1% 91.5%

Data in bold emphasis indicate the highest value in terma of freeze rate ratio from the best model used

achieves faster convergence than the model with the initial
weight Camelyon at each freeze rate.

Discussion

Research related to histopathological image-based can-
cer is still an interesting study. Issues regarding limited
medical data, performance, and training time are some of
the points of the researchers. Starting from scratch with
data limitation, the model has the potential for overfitting.
Therefore, the transfer learning or pre-training approach
was conducted to address this problem. The current trans-
fer learning approach with ImageNet (Rusak et al. 2022)
and Camelyon datasets (Litjens et al. 2018). Various trans-
fer learning architectures that exist today are a challenge
for researchers to get models that are robust and ready to
be implemented. Histopathological images of colon cancer
are relatively difficult to obtain because of the position of
the tissue cells in the patient’s body. This greatly affects
the availability of datasets. Therefore, with transfer learn-
ing, this limited data availability is helped by the template
model of the previous architecture by implementing trans-
fer learning. However, the optimization process must be
carried out to answer the open problems contained in cre-
ating specific deep learning models to solve our problems.

The performance of a model is sometimes faced with
a trade-off between performance and training time.
For this reason, a hyperparameter tuning or optimi-
zation process is needed. From the ten transfer learn-
ing architectures trained, the best combination was
obtained as reported in Table 8. In terms of architecture,
DenseNet121 was the best architectural option chosen
with a harmonic mean value of 0.98 and a training time
of 19.5 s per epoch. The 75% freeze rate is the optimal
hyperparameter for re-training DenseNet121. This means
that 25 percent of the parameters will be used with new
data in the training process. In some research in terms of
biomedical image classification, DenseNet121 obtained
the best classifier for COVID-19 classification using
CT images dataset (Hasan et al. 2021) and gained good
performance for breast cancer identification via the
BreakHIS dataset (Li et al. 2020). Compared to other
architectures, DenseNet121 has smaller number param-
eters (Fig. 5). From the figure, can be illustrated that
if DenseNet121 has 6.95.906 number parameters, only
1,738,977 parameters are updated with the new data-
set. Meanwhile, 5,216,930 parameters are freezed and
obtained from the pre-trained model.

Since ImageNet is a robust dataset (Rusak et al. 2022) for
transfer learning to detect face spoofing attack (Rusia and
Singh 2022), our model adopts this dataset’s initial weight

Fig.5 Comparison number
parameters of architecture used
in this research

30,000,000
25,000,000
20,000,000
15,000,000
10,000,000

5,000,000

Number Parameters
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(Russakovsky et al. 2015). So, transfer learning with fellow
cancer data is focused on the ImageNet, as a baseline initial
weight. In fact, from our research, using the initial weight
with ImageNet is still better even when compared to the
Camelyon dataset which is actually based on the image of
the cancer itself. This can be seen from the performance in
terms of time (Table 13). On the other hand, the transfer
learning model based on cancer histopathology images is
still limited. This is certainly an opportunity as well as a
challenge for researchers in the field of computer vision for
cancer images.

The hyperparameters, CNN architecture, and freeze rate
influence the performance of the image analysis solution.
The CNN DenseNet121 architecture with a freeze rate of
75% exhibits the optimal hyperparameter value in this prob-
lem. Furthermore, the initial weight of ImageNet, the learn-
ing rate of 0.001, and the optimizer RMSProp all exert an
influence. The ideal configuration of these hyperparameters
yields a model with significant precision value and good
performance in training time. It is interesting to note that
the findings outperformed the previous performance mod-
els. This study investigated the impact of freezing rate and
initial weight on the precision and duration of training. Our
findings indicate that a freeze rate of about 75% yielded the
model with the maximum accuracy and training duration.
Examining the impact of the starting weight demonstrates
that employing the weight of the model built using the
ImageNet dataset offers a good performance model for the
Camelyon dataset. The proposed approach, utilizing trans-
fer learning and optimized hyperparameter settings, appears
acceptable for classifying image-based data in histopathol-
ogy images especially when data is imbalanced.

A limitation of the currently developed model is that
we have not considered other structures of the histopathol-
ogy image used outside the cell. The potential for bias that
occurs is if the annotation process is carried out by people
who do not have much experience with histology.

Conclusion

This research succeeded in building a CNN model with
transfer learning techniques. This research found that the
best hyperparameter value in this problem is the model
with CNN DenseNet121 architecture, freeze rate 75%, ini-
tial weight ImageNet, learning rate 0.001, and optimizer
RMSProp. The combination of these hyperparameter values
produces a model with an accuracy of 0.98 with a training
time of 19.5 s. These results surpass the performance of
previous research models. This study analyzed the effect of
freeze rate and initial weight on accuracy and training time
as well. A freeze rate of 75% delivers the most accurate
results and the best training time for the model. Analysis of

the effect of the initial weight shows that using the weight of
the model trained with the ImageNet dataset has better per-
formance than the model trained with the Camelyon dataset
Transfer learning has several advantages, including lower
data requirements, increased performance, faster conver-
gence, generalization to other domains, and facilitation of
multi-task learning. These advantages make transfer learning
an effective technique in machine learning research. Transfer
learning architecture approach also has the potential to be
used to detect cancer cell nuclei such as the YOLO Family.
Another future direction, implementation, or testing of many
real datasets becomes challenging. This research could be
useful for other healthcare and medical image analysis, such
as brain tumors, breast cancer, and skin diseases.
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