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Abstract 

Histopathology is the study of changes in tissue caused by diseases such as cancer. It plays 

an important role to diagnose the cancers. Regarding the large variation of many cancers 

types, and the large size of Whole Slide Images (WSIs), the analysis of histopathology 

images is challenging. To come up with this challenge, AI algorithms, such as deep 

learning (DL) are used to automate image analysis efficiently and accurately. In this study, 

some DL methods are developed on medical images focusing on the following goals. 

Firstly, we propose a model that can help us classify cancers better and faster and 

achieve good results compared to other models. Most of the present models for the 

classification of histopathology images are very large and accordingly have many 

parameters to be learned/optimized and require enormous computational times to achieve 

reliable results. We propose a more compact network that is tuned to classify cancer 

subtypes with less computation time and memory complexity to overcome these issues. 

This model, namely custom EfficientNet, is based on EfficientNet topology, but it is 

tailored for classifying histopathology images. The utilized model is evaluated over three-

tumor-type brain, lung, and kidney from TCGA repository. The results show that the 

proposed model, compared to state-of-the-art models, i.e., KimiaNet, can classify cancer 

subtypes more accurately and provides superior results. Besides, the proposed model 

achieves memory and computational efficiency in the training phase and is a more compact 

deep topology compared to KimiaNet. 

More recently, deep learning was applied for the challenging task of image search 

on the TCGA repository. Researchers can use the image search results to compare data of 

current and previous patients and learn from cases that have been clearly treated and 

diagnosed. However, there is no way to train a model using image search, hence image 

search must be used on the outcomes of a model that was trained using classification. 

Moreover, it can be seen that the obtained results from the classification method suffer 

from bias, and the classification loss function cannot make it possible for us to reduce bias 

during the network’s training phase. Secondly, the research proposes a new loss function, 

Similarity Loss (SL), to address these problems. This loss function allows us to train the 

model based on image search, removing the requirement for us to use other approaches for 

training image search models.   Besides, unlike the classification loss function, the modified 

version of this loss function, Segregation Similarity Loss (SSL), helps us reduce the 

adverse effect of one of the major problems in this field called bias and obtain better and 

more reliable results. By utilizing SSL, we achieve promising results to classify 

histopathology images. SSL function achieved up to 5% and 9% improvement compared 

with the state-of-art models for Lung and Brain dataset, respectively.  

 

 

 

 

 

Keywords: EfficientNet; Deep Learning; Loss Function; Histopathology Images; 
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Chapter 1 

Introduction 

 

 

1.1 Introduction to Histopathology 

Histopathology is the study and diagnosis of diseases of the tissues such as cancer and 

involves examining tissues or cells under a microscope. Diagnosing a disease in a patient 

using histopathology has some steps, which start with performing a biopsy. It means 

removing a small part of tissues called a specimen from the patient’s body, mainly from a 

mass or tumor. There are different ways for doing the biopsy, such as performing surgery, 

an endoscope, and using a needle. In the second step, the specimen is analyzed by a 

pathologist. They describe how it looks by features such as morphology. In the next step, 

for further diagnosis, they cut and put it under the microscope. To cut the specimen into 

thin slices, it should be firm enough. Two ways have been presented for doing that. 

• Paraffin-embedded (permanent) 

• Frozen sectioning 
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In the permanent way, it is placed into a fixative for several hours, and then the 

water inside the specimen is replaced with paraffin wax. When it is firm, they 

cut it into very thin slices. Then, they put a slice on a glass slide and replace the 

paraffin with water. In the last step, to stain different parts of the cells in the 

tissue, they utilize dyes. As a result of using dyes, the cell nuclei turn to dark 

blue, and the cytoplasm to be turn into pink. In the second way, the specimen is 

frozen and cut into thin layers. The staining process in this way is the same as 

permanent sectioning. In the last step, the prepared specimen slide is put under 

a microscope by a pathologist, and then a diagnosis is made based on the 

investigation.  

Both of these ways have some advantages and disadvantages. Although the 

permanent sectioning process takes many days, it has the best quality for the 

examination. The frozen sectioning is completed after 20 minutes, but its quality 

is lower compared to permanent sectioning. Since quality is important, the 

permanent slides are used in this study [1]–[4]. The prepared specimen is 

scanned in very high magnifications. The magnification that is provided by 

special scanners can be different, like 10x, 20x, and 40x. These special scanners 

provide the results that are gigapixels images, as large as 100K * 100K pixels 

named WSI [5]. Figure 1.1 shows a sample WSI.  

During the last decade, due to the advancement of the whole slide digital 

scanners, digital pathology has attracted more attention among researchers. 

Using digitized WSI has many benefits [6]–[9]: 
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(i) Fast search over the WSIs in the hospitals and speeding up the 

procedure 

(ii) Make collaboration among pathologists easier and get different ideas 

from pathologists around the world.  

(iii) Provide the opportunity to apply image processing algorithms on 

data to extract useful information 

(iv) Provide the opportunity to utilize Machine Learning and Deep 

learning for decreasing inter-observer variability and increasing 

consistency. 

 

Handcrafted methods were used in the past to analyze digital pathology 

slides. The handcrafted methods have some disadvantages, such as not 

generalizing well and reducing performance when facing new data [10], [11]. 

So, Deep Learning attracts attention to solve these problems. Deep Learning is 

a good solution that digital pathology can benefit from. Since the large size of 

WSIs is a big problem in digital pathology, using extracted features from a deep 

network can be an excellent candidate to represent an image. These extracted 

features help us to find similar WSIs for a query WSI in an extensive archive. 

This finding method, Image search, plays a crucial role in returning similar WSIs 

and predicting the labels. It can help and assist medical professionals in various 

tasks such as diagnostic and research. It is essential to implement Image Search 

very well because experts can benefit from it to recommend well-informed 
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diagnoses and treatments. 

 

1.2 Contribution 

The first objectives of the thesis are to implement an efficient classifier that is faster and 

more accurate for different types of cancers. Some other models, like KimiaNet [12] that 

is the state-of-art model to classify histopathology images, but it has many disadvantages 

and problems. Despite good classifying histopathology images, the KimiaNet is a huge 

model that needs many resources, such as GPUs to train the network. Moreover, training 

the network takes many hours, and tweaking the hyper-parameters takes many days. 

Furthermore, because it requires a lot of resources and takes a long time to compute, it is 

only trained for all cancer images, not for a specific type of cancer. Motivated to address 

Figure 1. 1 : Illustration of a gigapixel WSI of Kidney Renal Clear Cell Carcinoma 
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these challenges and limitations, we present a customized “smaller” network, custom 

EfficientNet, to achieve better results compared to state-of-art models, and reduce the time 

and resource budget for training the model. As well, we need more compact DNNs 

compared to state-of-the-art DNNs, and the capability of training with smaller datasets. 

These features enable us to train our model multiple times for different forms of cancer, 

such as lung and brain cancer, and then swiftly retrain it for fresh cancer images. 

Pathologists can benefit from our classifier since it uses a method that detects the most 

comparable cases to a query slide and predicts a label for them. To implement this model, 

we customize an EfficientNet model [13] and train different models on that in the first step. 

These models are trained for two datasets, Lung, and Brain. These datasets involve patches 

of size 1000 by 1000 pixels extracted at 20x magnification from 7375 WSIs of the TCGA 

dataset. The first model related to Lung dataset is trained on around 25000 patches 

depicting two different tumor subtypes. The second model is trained on around 36000 

patches on Brain dataset with two different subtypes. Finally, the obtained results from 

these models are compared with one of the state-of-art models, KimiaNet, that trained on 

histopathology images. The models have high F1-Scores and show promising results. 

Despite the positive results, we do not stop there; as the thesis' second goal, we attempt to 

develop a new loss function that will aid in the training of an image search model based on 

the search technique rather than the classification approach.  

The second objective of the thesis is to create and develop a new technique to train 

a model based on the image search method and reduce bias during the training phase. Since 

the image search model is an important technique in histopathology images, it is necessary 

to have a model that focuses on it and trains a network based on that. Because there is 
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currently no approach for training models using image search, our proposed technique 

could be a useful way to bridge this gap and allow researchers to use image search to train 

their models. Besides, as a result of effecting bias on the result, it is crucial to consider the 

bias and attempt to reduce its effects to achieve better and more accurate results.  To 

achieve these goals, we create a new loss function and train an EfficientNet model based 

on that. This new loss function allows us to utilize the image search technique for training 

the model and helps us consider and reduce the effect of bias to achieve promising and 

more reliable results.  

The contributions of this thesis are: 

• Proposing an effective approach to adjust patch size for the feeding network to 

make the model faster and reduce computational power and hardware costs 

• Customizing the EfficientNet to obtain better results and reduce the computational 

power compared with the state-of-art model to classify cancers. 

• Implementing a model called leave-one-out to find similar WSIs for a query WSI 

in an extensive archive 

• Creating a new loss function based on the image search method for search-based 

models and eliminating their needs from using other methods such as classification 

• Creating a new loss function to tackle one of the significant problems in 

histopathology models, bias, and reduce its effect on the network during the training 

phase to improve accuracy and achieve better and more reliable results 
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1.3 Thesis Organization 

The remainder of this thesis is structured as follows. Chapter 2 will review the relevant 

literature, research papers, and methods in deep learning and digital pathology. Next, this 

chapter provides background information and concepts used in the thesis. After reviewing 

the other research and previous works, the next chapter discusses how the datasets are 

created and explains the details of each dataset. This process of creating datasets and data 

preparation is described in Chapter 3. Then, the custom EfficientNet model is implemented 

to utilize the created datasets to train. This custom EfficientNet is compiled in Chapter 4. 

Next, Chapter 5 explains the procedure of creating the new loss function based on image 

search. This chapter provides the details of the function, Similarity Loss (SL), and shows 

how to create and develop it. Next, another type of proposed new loss function for reducing 

bias, Segregation Similarity Loss (SSL) is compiled in Chapter 6. This chapter helps to 

show the effect of reducing bias on training models. Finally, future direction and 

Conclusion are stated in Chapter 7.  
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Chapter 2 
 

Background Literature 

 

This chapter covers the core concepts used in this thesis and reviews the relevant literature. 

Firstly, Section 2.1 overviews deep learning, Convolutional Neural Networks (CNN) 

network and presents background information about network architectures that have been 

utilized in this thesis for histopathology feature learning and classification. In Section 2.2, 

we review other researches that utilized deep learning and various networks in 

histopathology images. In Section 2.3, concise background information regarding image 

search and retrieval is provided. Moreover, this section briefly reviews the researches that 

work on image search in digital pathology. At the end of this chapter, in Section 2.4, we 

discuss bias and its effects on histopathology images, and we review some researches on 

that. 
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2.1 Introduction to Deep Learning 

Deep learning is a sub-filed of machine learning methods and is based on the algorithms 

inspired by functions and structure of the biological brain. To be more detailed, a neuron 

takes electric inputs from other neurons. If a neuron takes input with high electric potential, 

it will send electric potentials to others. Firstly, in 1962, F. Rosenblatt [14] simulated a 

single-layer Artificial Neural Network (ANN). As a result of development in hardware and 

theory, the ANN became more practical in the next decade [15], [16]. Figure 2.1 shows an 

example of a two-layer perceptron. Early work illustrates that a linear perceptron is unable 

to be a universal classifier, but a network that has one hidden layer with a nonpolynomial 

activation function can be. So, researchers were willing to use more layers in their models 

and utilize deep learning. The adjective deep in deep learning refers to the use of multiple 

layers in a neural network. Some reasons led to the succeeding of deep learning in the past 

years, like achieving state-of-art results in Natural Language Processing and Computer 

Vision, using learned parameters in the various domains (Transfer Learning), and reducing 

the cost of computational hardware and storing the data. The last reason results in different 

ANN architectures being developed. 

 

Figure 2. 1 : Two-Layer Perceptron 
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Due to hardware and ANN architecture development, new methods are applied in 

various applications [17]–[20]. These applications utilize advanced ANN architecture such 

as weight-sharing [21], batch-normalization [22], and ReLu [23], variants of ANN such as 

CNN [24], Recurrent Neural Networks (RNN) [25], Convolutional AutoEncoders (CAE) 

[26]. Due to the increasing number of layers in ANN models, researchers specifically refer 

to deep neural network-based methods. Researchers proposed different deep learning 

models for less training time and better generalization. For instance, deeper network 

architectures are built to capture higher-order concepts in images [27], [28]. RNN models 

are proposed to handle temporal patterns and benefit from internal memory [29], [30]. The 

CNNs achieved excellent results in multiple applications and became arguably the most 

widely used single-image classification and detection model. Figure 2.2 shows some of the 

existing architectures. 

 

 

 

Figure 2. 2 : Two examples of neural network architectures. (a) Recurrent Neural 

Network (RNN) Structure; (b). Autoencoder Structure 
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2.1.1 Architectures 

Different types of deep learning models have been proposed during the last decades, such 

as RNNs and CNNs. These different networks have been proposed for less training time, 

better generalization, and a broader domain of applications. In the following, it is discussed 

about some architecture and theoretical analysis of ANNs with emphasizes on CNN. 

 

2.1.1.1 Feedforward and Recurrent Neural Network 

 

In Feedforward Neural Networks (FNN), the relation between the input and output of two 

neurons is fixed. It means the status of the sending neuron does not depend on the status of 

the receiving neuron. For better simulation of neural activities, an undirected network 

known as the Hopfield network was proposed [31]. This kind of network is capable of 

holding content-addressable memory. In contrast, a recurrent network is directed but has 

recurrent links. The Recurrent network is applied to leverage temporal information [32], 

[33] in Natural Language Processing (NLP) and object recognition [34], [35]. The Long 

Short Term Memory (LSTM) [36], [37] is an RNN unit widely used in speech and audio-

related applications [36], [38].  

 

2.1.1.2 Convolutional Neural Network 

The CNN model is one of the architectures that is used in different works [39]–[41]. A 

typical architecture with explanations is shown in Figure 2.3. A CNN is a feedforward, 

nonstochastic, supervised deep neural network with weight sharing in most applications. 
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The CNNs achieved state-of-the-art results during experiments in multiple applications 

[42] such as video classification [43], speech recognition [44], and image classification 

[45], [46], object detection [47], and action recognition [48]. 

 

 

Figure 2. 3 : A typical CNN architecture. First, a group of layers is repeated several times. 

There are several optional layers such as Local Response Normalization (LRN), applying 

an activation function after convolution, batch normalization [49], weight normalization 

[50], and dropout [51]. Two widely used downsampling methods are max-pooling and 

average-pooling, i.e., extracting the maximum or average value in nearby convolutional 

responses. After the convolutional layers, several fully connected layers can be attached. 

Finally, for classification problems, a multi-class logistic regression model is applied to 

the last fully connected layer to generate the probability values of the predicted classes. 

The final multi-class logistic regression is also called the Softmax layer. The image is taken 

from wikimedia.org. 

 

 

2.1.2 EfficientNet 

During this research, we choose the EfficientNet architecture for our model to classify the 

patches. This model architecture was designed by Tan and Le [52] in 2020 and has later 

been commonly used in computer vision problems due to their amazing feature learning 

ability. There are eight CNN models in the EfficientNet family, including EfficientNet-B0, 
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EfficientNetB1, ..., and EfficientNet-B7. A larger index number shows that the 

corresponding model has a larger network size.  

We choose EfficientNet-B0 for our model to classify the patches instead of 

DenseNet that used as base architecture for KimiaNet for many reasons. EfficientNet-B0 

has fewer parameters and also a smaller size than the DenseNet. This feature results in our 

model training faster. In addition, as a well-designed base architecture, EfficientNet is 

successful in many datasets like ImageNet compared with other famous networks such as 

VGG [53],  ResNet [47], and DenseNet [55]. The efficiency of EfficientNets compared to 

other state-of-the-art models is shown in Figure 2.4.  

 

 

Figure 2. 4 : The efficiency of EfficientNets compared to other methods [52] 
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2.1.2.1 A Better Way to Scale Up CNNs 

Convolutional neural networks are usually built at a fixed resource cost and then scaled up 

to obtain better accuracy when more resources are made available. For instance, with 

increasing the number of layers, Resnet-18 can be scaled up to ResNet-200 [56]. In the 

conventional ways for model scaling, researchers increase the CNN width or depth or use 

larger input image resolution for training. Although these methods can improve the 

accuracy, they usually need tedious manual tuning. Tan and Le [52] presented a novel 

model scaling method that uses an effective compound coefficient to scale up CNNs in a 

more structured manner. By using this method and AutoML [57]–[59], they developed 

EfficientNets models that are small and fast. Figure 2.5 shows a comparison between 

conventional scaling methods and compound scaling method. In the first figure, the 

baseline of a network can be seen, and in the following three figures, the conventional 

scaling way is used, and just one dimension of network resolution, depth, or width is 

considered to increase. In the last figures, the compound scaling method is used to 

uniformly scale all three dimensions with a fixed ratio. 
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Figure 2. 5 : Model Scaling. (a) is an example for baseline network. (b), (c), (d) are 

conventional scaling that only try to increase one dimension of network resolution, depth, 

or width. (e) is the compound scaling method that is proposed to uniformly scales all 3 

dimensions with a fixed ratio [52]. 

 

 

2.1.2.2 Compound Model Scaling 

The compound model scaling method is based on wise customization of the components 

to scale up the network. Generally, in the compound scaling method, firstly, a grid search 

is performed to find the relationship between various scaling dimensions of the baseline 

network when resource constraint is fixed. Then, those coefficients are applied to scale up 

the baseline network to the desired target model size or computational budget.  

 

2.1.2.3 EfficientNet Architecture 

The baseline network is a vital part of the effectiveness of model scaling, and it should 

have good architecture. Good architecture means the baseline network architecture should 
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have already achieved suitable accuracy in order to further changes can improve it. 

Therefore, a baseline architecture selection plays an important role in model scaling. The 

researchers that work on EfficientNet have done their experiments on some baseline 

architectures, and then they have developed a new baseline network using Neural 

Architecture Search (NAS) and AutoML that optimizes accuracy and efficiency. This 

developed architecture uses the mobile inverted bottleneck convolution (MBConv) both 

for the resulting architecture and the baseline network scale-up to obtain a family of 

EfficientNet models. In MBConv, the key idea is first to use a 1*1 Conv layer to increase 

the number of channels to three times the initial and then apply a Depthwise Convolution 

[60] to get the feature maps. Finally, the second 1*1 Conv layer downsamples the number 

of channels to the initial value. The structure inside an MBConv module is shown in Figure 

2.6. It reformulates a standard convolutional operation into a sequence of operations, 

including expansion, depthwise convolution, and residual connection layers, which allows 

an MBConv module to use much fewer network parameters to express comparable feature 

learning capacity compared to a standard convolutional layer. In an EfficientNet, there are 

two types of MBConvX: MBConv1 and MBConv6, which show the use of ReLu and 

ReLu6 activation functions in the corresponding MBConvX module, respectively. The 

other types of EfficientNet models have similar structures to the EfficientNet-B0, except 

for a different number of MBConvX modules used in the CNN blocks. The EfficientNet 

with a smaller index uses fewer MBConvX modules, so the EfficientNet-B0 is the smallest, 

and EfficientNet-B7 is the largest model among the EfficientNet models. The network 

architecture of EfficientNet-B0 illustrated in Figure 2.7 has a different number of MBConv 
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blocks as a basic building block of the network. It can be divided into seven blocks in 

different colors based on striding, filter size, and the number of channels.  

 

 

Figure 2. 6 : MBConv Block. DWConv stands for depthwise Conv, k3*3 / k5*5 defines 

the kernel size, BN is the batch norm, H*W*F is tensor shape (Height, Width, Depth) 
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Figure 2. 7 : The simple architecture of the baseline network EfficientNet-B0 helps scale 

and generalize easily. The picture shows using different blocks, including Conv and 

MBConv, to create the EfficientNet baseline. 

 

2.1.2.4 Architectural Details of EfficientNet Model 

 

EfficientNet has eight models, and they start from B0 to B7. The first model, EfficientNet-

B0, has 237 layers, and the last model, EfficientNet-B7, has 813.  

During this work, the EfficientNet-B0 was used as a network to classify the 

histopathology images. The first thing in EfficientNet-B0 is the stem, and the last layer is 

the final layer. Figure 2.8 shows the Stem and Final layer in EfficientNet architecture. 

These layers include padding to basically extend the area of an image, activation to learn 

complex patterns in data, and batch normalization to allow every layer of the network to 

do learning more independently. 
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Figure 2. 8 : Stem and Final layer in EfficientNet Architecture. 

 

After this, it contains seven blocks. As mentioned, EfficientNet-B0 has 237 layers, and all 

these layers can be made from the five modules shown below in Figure 2.9 and the stem 

above, shown in Figure 2.8.  

 

 

Figure 2. 9 : Different Modules in EfficientNet Architecture. 
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Module 1: It was utilized as a starting point for sub-blocks. 

Module 2: It was utilized as a starting point for the first sub-block of all the seven main 

blocks except the first one. 

Module 3: It was connected as a skip connection to all the sub-blocks. 

Module 4: It was utilized for combining the skip connection in the first sub-blocks. 

Module 5: Each sub-block was connected to its previous sub-block in a skip connection, 

and they were combined using Module 5. 

These modules are further combined to form sub-blocks that will be utilized in a 

determined way in the blocks. These created sub-blocks are shown in Figure 2.10. The first 

sub-block is made from modules 1,3 and 4 and combines batch normalization, average 

pooling, and rescaling that is utilized as the first sub-block in the first block. The second 

sub-block is created from modules 2,3 and 4 that includes zero padding and depthwise 2d 

to process the data in the first step of each block except the first one. The last sub-block 

used to create the EfficientNet model many times in all blocks except the first one is 

combined from batch normalization and dropout to improve the generalization of the model 

and reduce the overfitting. The last sub-block plays an important role in the EfficientNet 

model to improve the generalization of the model and helps it to obtain promising results 

on the test data. 
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Figure 2. 10 : Different Sub-blocks in EfficientNet Architecture. 

 

 

Sub-block 1:  It was utilized only as the first sub-block in the first block. 

Sub-block 2: It was utilized as the first sub-block in all the other blocks. 

Sub-block 3: It was utilized for any sub-block except the first one in all the blocks. 

Now everything combines to create the EfficientNet model, Figure 2.11. 

 

Figure 2. 11 : Combined Sub-blocks to create EfficientNet-B0 model [61] 
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The last thing that should be mentioned here is kernel size for convolution 

operations along with the channels, layers, and resolution in EfficientNet-B0 [52]. The first 

part in Table 2.1, the network baseline, shows the number of Channels, Layers, and 

Resolution for the EfficientNetB0. 

Table 2. 1: Custom EfficientNet Architecture 

Stage 

i 

Operator 

Fi 

Resolution 

Hi*Wi 

#Channels 

Ci 

#Layers 

Li 

EfficientNetB0 Architecture, the network baseline 

1 Conv 3x3 224*224 32 1 

2 MBConv1, k3x3 112*112 16 1 

3 MBConv6, k3x3 112*112 24 2 

4 MBConv6, k5x5 56*56 40 2 

5 MBConv6, k3x3 28*28 80 3 

6 MBConv6, k5x5 14*14 112 3 

7 MBConv6, k5x5 14*14 192 4 

8 MBConv6, k3x3 7*7 320 1 

9 Conv1x1 & Pooling &FC 7*7 1280 1 

Additional Layer 

10 BN/Dropout 7*7 1280 1 

11 FC/BN/Swish/Dropout 1 512 1 

12 FC/BN/Swish 1 128 1 

13 FC/Softmax 1 NC 1 

 

2.1.3 Transfer Learning 

 

For training a neural network, the big problem is to collect adequate data. Solving this 

problem is too hard since labeled data can only be obtained through a manual process, 

which is both time-consuming and prone to error [62]. To this end, Huang et al. [55] in 
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2017 presented transfer learning as an effective way to export the knowledge extracted 

from a mature source domain to a novice target domain. With using transfer learning, 

existing parameters, such as convolution weights from a model trained on extensive 

datasets, are used for training new models with a relatively fewer number of labeled 

images. In this work, we used weights pre-trained from the ImageNet dataset as it is 

beneficial for classifying images with EfficientNet. 

To adapt the network architecture with the histopathology data, we extended the 

EfficientNet-B0 architecture by adding additional layers and a fully connected layer before 

a softmax function at the top of the classifier. The batch normalization constrains the output 

of the last layer in range, forcing standard deviation one and zero mean. This regulation 

improves the stability of the model and decreases training time. The second part in Table 

2.1, Additional layers, shows the additional layers to the EfficientNetB0 baseline. This part 

includes Batch normalization (BN), Dropout, and Fully connected layer (FC). Now, the 

created pre-trained custom EfficientNet is utilized for Histopathology images. 

 

2.2 Deep Learning Approaches in Digital Pathology 

Researchers utilize various types of Networks in histopathology images. These networks 

can be categorized into three categories. The first category is the Pre-trained network.  

Spanhol et al. [63], in 2017, worked on patches of breast cancer, BreaKHis dataset, and 

tried to extract features from the deepest layers of the BVLC CaffeNet model, reusing the 

pre-trained ImageNet weights. To classify these features, they used Logistic Regression. 

They compared their promising results to a CNN trained from scratch. The second category 
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is the Fine-Tuned networks. Faust et al. [53], in 2019, worked on a VGG_19 model and 

tried to fine-tune the last two blocks of it with an average pooling added at the end, 

initialized with pre-trained weights of the ImageNet. To find out the relationships of CNNs’ 

deep features and human recognizable morphologic patterns, they extracted features from 

1656 WSIs. The last category is the Trained Networks. In 2019, Fu et al. [65] worked on 

an Inception-V4 network. They tried to fine-tune this network to classify around 8000 

WSIs available on the TCGA repository. They utilized this network as a histopathology 

patch feature extractor. They called these features computational histopathological 

features. During the research, they tried to find out the relationship between the 

computational histopathological features and genomic driver alterations, as well as the 

whole transcriptomes and survival. In another work, Liu et al. [66], in 2017, trained an 

Inception model on the Camelyon16 dataset. They trained this network with three 

configurations, random weights, ImageNet weights, and downsize models. They found out 

that although the pre-trained weights speed up the convergence, they cannot improve the 

results. Next, in 2019, Wei et al. [67], [68], worked on a Resnet model to classify the Lung 

cancer dataset. They used this model to find major and minor histologic patterns in a WSI. 

These patterns consider essential information that could help pathologists with preparing 

the documentations needed for each patient. To prepare the dataset, the three pathologists 

manually labeled the images. They implemented four Resnet models with different sizes 

and obtained the same performance. So, they chose the smallest one, a ResNet with 18 

layers. Their model obtained promising results compared with the three pathologists’ work.  

The mentioned studies only focus on classification methods for their work, while 

another method, Image search, can be beneficial for histopathology images.  
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2.3 Image Search in Digital Pathology 

More recently, deep learning has been applied for the challenging task of image search on 

the TCGA repository. Image search is an application of deep learning in histopathology 

that requires salient, discriminative, and representative features. These features, which are 

descriptive of the content of images, are obtained by the feature extraction method, i.e., 

feeding images into a pre-trained model and using the deep feature output of a specific 

layer for image representation. The idea of image search is to compare a feature extracted 

from a query image to all whole slide images in a dataset in a computationally efficient 

manner and find the most similar matches. The results can provide an opportunity for 

researchers to match records of current patients and past patients and learn from evidently 

treated cases and also diagnosed cases. 

These days, some researches can be found on content-based image search in digital 

pathology. Kalra et al. [68] introduced Yottixel that is a search engine for real-time WSI 

retrieval in digital pathology. The name of Yottixel is a combination of “yotta” which is 

the largest decimal unit prefix in the metric system, and “pixel”. In this work, an 

unsupervised color-based clustering method is used to extract a set of images from each 

WSI called Mosaic. Each Mosaic covers around 5 percent of the tissue specimen. Next, the 

Mosaic is used as input for pre-trained CNNs to extract deep features. Finally, the extracted 

feature vectors are barcoded to create a bunch of barcodes for fast indexing of WSIs. As a 

result of the barcoding of gigapixel WSIs, Yottixel can search millions of times in real-

time. In another work, Hedge et al. [69] utilized a pre-trained network to convert an input 
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image into a feature vector. This network is pre-trained on five billion images and is able 

to extract discriminative features by computing the embeddings of input images. This 

network adopted a dataset that was annotated manually by pathologists to evaluate the 

search performance in finding patches with the same histologic features. In another recent 

research, Riasatian et al. [12] proposed image representation for search in digital pathology. 

They built a network called KimiaNet based DenseNet topology with several 

configurations. In the first configuration, they retrained only the last layer, while other 

layers froze. In the second, they retrained two last layers, and in the third and fourth 

configuration, they tried to retrain the third and fourth last layers, respectively. They 

utilized the TCGA dataset and extracted around 240,000 histopathology images from 7000 

WSI with a clustering-based approach at 20X magnification. Their approach worked based 

on a high-cellularity metric and extracted images with the size of 1000*1000 pixels. After 

training the network, a Min-Max barcoding algorithm was used to convert the feature 

vectors to binary codes in the test phase [68]. The authors test the KimiaNet for image 

search on three histopathology datasets for multi-organ WSI search. They reported two 

types of search, Horizontal search and Vertical Search. During Horizontal search, they 

searched images across the dataset to find the WSI with a similar tumor type to the query 

WSI among all WSIs. During Vertical search, they searched to find a similar type of 

malignancy in an anatomical site, i.e., search for similar WSI with the similar tumor 

subtype between all whole slide images of the same tumor site in their test dataset. 

Other works can be mentioned that focus on content-based image search in digital 

pathology [70]–[79]. One of the recent research in this field attracts attention to a 

problem that it might not consider many times. This research [80] shows that the 
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TCGA dataset that was used in the mentioned studies suffers from a problem that can 

affect the results. This problem is bias. 

 

2.4 Bias in Histopathology Images 

Although the obtained results from image search can be helpful for pathologists, they may 

suffer from a bias. An approach could be subject to bias if the feature extractor is trained 

on special institutional datasets and potential hidden biases are not accounted for. This bias 

affects any other operation like segmentation, classification, and prediction. In recent work, 

Howard et al. [81] reported that the distribution of institutional data in the TCGA dataset, 

such as survival and gene expression patterns, remarkably differ among samples provided 

by various clinics and laboratories. They showed that usually, some models detect source 

sites instead of predicting prognosis or mutation states. In another research, DeGrave et al. 

[82] showed that the trained models on radiographic images are more likely to learn 

medically irrelevant shortcuts and are usually attributable to biases in data acquisition 

instead of the actual underlying pathology. Recently, Dehkharghanian et al. [80] showed 

that tissue source site (TSS) specific patterns of TCGA images could be used to identify 

contributing hospitals and institutions without any explicit training. In addition, they 

observed that a trained model for classification cancer subtype was able to discover such 

tissue source site-specific patterns within digital slides to classify cancer types. The factors 

such as digital scanner configuration and noise, tissue stain variation and artifacts, and 

source site patient demographics are more likely to account for the observed bias. 
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 There have been many types of research to tackle the bias. These techniques that 

were proposed fall into one of these categories:  

• Techniques that utilize data preprocessing before training 

• In-processing during training 

• Post-processing after training 

In this research, we create an in-processing technique that helps us reduce the effect of 

bias during the training phase. 

  

 In the above parts, we talked about core concepts that we used in this thesis and 

overviewed Deep Learning and the network architecture that is utilized for histopathology 

feature learning. We showed the structure of the EfficientNet model, methods used in 

digital pathology, and concepts that affect histopathology images. Now we discuss how to 

create and prepare datasets for our EfficientNet model and implement our techniques on it 

to obtain a promising result. 
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Chapter 3 
 

Data Preparation and Methods 

 

In this chapter, firstly, we talk about the datasets and the methods that are proposed to 

prepare them for our network. Next, we investigate the EfficientNet network and its 

procedure training to obtain results. 

 

3.1 Image Datasets 

There are many public datasets in the area of histopathology, such as TCGA and 

CAMELYON17, that are used in various researches. The public datasets have some 

advantages, like the possibility of evaluating improvements and comparing with other 

methods [83], [84]. The dataset that is used in this research is TCGA. The TCGA repository 

is a publicly available repository that contains 30,072 WSIs [85]–[88]. These WSIs are 

obtained from 11,007 cases and depict primary sites with 32 cancer subtypes that can be 

seen in Table 3.1. Each case is associated with much information such as primary 

diagnosis, tissue of origin, morphology, patient age, tumor stage, race, and gender. 
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Table 3. 1: The codes of primary diagnoses in the TCGA dataset 

# TCGA Code Primary Diagnosis 

1 ACC Adrenocortical Carcinoma 

2 BLCA Bladder Urothelial Carcinoma 

3 BRCA Breast Invasive Carcinoma 

4 CESC Cervical squamous cell carcinoma Endocervical adenocarcinoma 

5 CHOL Cholangiocarcinoma 

6 COAD Colon Adenocarcinoma 

7 DLBC Lymphoid Neoplasm Diffuse Large B-cell Lymphoma 

8 ESCA Esophageal Carcinoma 

9 GBM Glioblastoma Multiforme 

10 HNSC Head and Neck Squamous Cell Carcinoma 

11 KICH Kidney Chromophobe 

12 KIRC Kidney Renal Clear Cell Carcinoma 

13 KIRP Kidney Renal Papillary Cell Carcinoma 

14 LGG Brain Lower Grade Glioma 

15 LIHC Liver Hepatocellular Carcinoma 

16 LUAD Lung Adenocarcinoma 

17 LUSC Lung Squamous Cell Carcinoma 

18 MESO Mesothelioma 

19 OV Ovarian Serous Cystadenocarcinoma 

20 PAAD Pancreatic Adenocarcinoma 

21 PCPG Pheochromocytoma and Paraganglioma 

22 PRAD Prostate Adenocarcinoma 

23 READ Rectum Adenocarcinoma 

24 SARC Sarcoma 

25 SKCM Skin Cutaneous Melanoma 

26 STAD Stomach Adenocarcinoma 

27 TGCT Testicular Germ Cell Tumors 

28 THCA Thyroid Carcinoma 

29 THYM Thymoma 

30 UCEC Uterine Corpus Endometrial Carcinoma 

31 UCS Uterine Carcinosarcoma 

32 UVM Uveal Melanoma 
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Now we talk about the procedure of creating the datasets by Riasatian [12] and then 

explain the Grid method that we implemented to prepare datasets for EfficientNet. For 

creating a general dataset, some constraints are applied to TCGA dataset by Riasatian [12]. 

Because low quality leads to adverse effects on the network’s learning process, some frozen 

section biopsy WSIs are filtered. This means that the dataset involves only permanent 

section biopsy WSIs. This is done by choosing the diagnostic slides option that can find 

under the experimental strategy bar on the GDC repository website [89]. To choose 

validation and test samples, the cases with only one whole slide image for the sake of 

simplicity of performance calculation are chosen. For each class of the dataset, cases that 

have a single WSI are separated. Then, they are shuffled, and two groups of them with a 

10% size of that class are chosen in order to add to validation and test datasets. After this 

procedure, the test dataset has 744 slides that involved 10% of the data. In addition, the 

validation dataset has 741 slides that involve around 10% of the data. The rest of the data 

is assigned to the training set. The training set contained 7126 WSIs that involved 80% of 

the whole dataset. Table 3.2 shows the number of WSIs in each set.   

 

Table 3. 2 : Dividing the WSIs by Riasatian [12] 

 Training Test Validation 

Number of WSI 7126 744 741 
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3.2 Patch Extraction 

Since the WSIs are too large to be fed to the networks, images with small sizes should be 

extracted from WSIs. These small size images are called patches. The size of the patches 

chosen, 1000*1000 at 20x magnification, is the largest size that can be fed to a network 

considering available computational resources. Figure 3.1 shows sample images for the 

TCGA dataset.  

 

For patch extraction from the test WSIs, patches with 1x magnification are 

extracted for preprocessing. Firstly, the markers and then background pixels are removed 

from them. Finally, the patches are extracted by moving through the tissue background 

mask. During this moving, it is checked that 90 percent of the patch contains tissue and has 

less than 10 percent background. After this processing, around 116000 patches are 

extracted for the test dataset. This method is not suitable to extract patches for training and 

validation datasets due to the large number of WSIs in them. Therefore, Riasatian et al. 

[12] proposed another method for that. They firstly applied the mosaic generation of the 

Figure 3. 1 : Sample patches from TCGA dataset. A simple patch for Brain Blioblastoma 

Multiforme (Right), Lung Squamous Cell Carcinoma (Middle), and Kidney 

Chromophobe(Left) 
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Yottixel search engine [68]. This algorithm partitions each WSI into nine different regions 

using a K-means algorithm based on color decompositions. Next, considering spatial 

diversity implemented by another k-means algorithm [90], 15% of the patches of each 

partition are extracted randomly. These patches can be a good idea to represent WSI with 

less amount of data. Since most images found in the TCGA dataset show high-grade 

carcinomas, the top 20 percent of the patches with respect to their cell nuclei amount is 

used by a nuclei segmentation function. Then they tried to calculate the cell nuclei ratio in 

each patch. To do so, first, they converted the color space to hematoxylin and eosin from 

RGB using color deconvolution. Then, the nuclei mask of the patch was obtained from the 

binarized hematoxylin channel by an empirical threshold, Figure 3.2. Next, they calculated 

the number of positive pixels in the nuclei mas divided by the patch area to obtain the cell 

nuclei ratio of each patch. In the end, the final dataset was created from the top 20 percent 

of sorted patches based on their cell nuclei ratio. The final training dataset and validation 

dataset include around 242000 and 24000 patches, respectively. Figure 3.3 shows extracted 

patches by the Yottixel algorithm. 

To solve the problem of patch labeling, the tumor type information of the WSI that 

the patches are extracted from, was presented as a way. This way is a good solution instead 

of manually annotating the WSI, which only a pathologist can do and is a time-consuming 

and expensive process. 
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Figure 3. 3 : A WSI and its selected mosaic patches (A), Yottixel mosaic with 80 patches 

(B), modified cell Mosaic with 16 patches (C) 

 

STAD 

Nuclei Ratio: 

61% 

KIRK 

Nuclei Ratio: 

13% 

Figure 3. 2 : Two examples for cell nuclei Segmentation, Kidney 

Renal Papillary Cell Caricinoma(left), Stoch Adenocarcinoma(right) 
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3.3 Creating Datasets 

The discussed dataset consists of around 242000, 24000, and 11000 patches for training, 

validation, and test dataset. These patches are extracted at 20x magnification from 7126, 

741, and 744 WSI that belongs to the TCGA repository, Table 3.3. A clustering-based 

mosaic method is used to assign a label to each patch based on its WSI. Now, we categorize 

them based on the types of cancer to create two datasets, the Brain and Lung. 

 

Table 3. 3 : Number of WSIs and Patches in each set 

Type Patches WSIs 

Training 242000 7126 

Test 24000 744 

Validation 11000 741 

 

3.3.1 Brain Dataset 

To create a dataset for the brain, all the patches that belong to Brain cancer are extracted. 

The extracted patches are 34629, 8068, 1830 patches for training, test, and validation 

dataset. The training dataset of Brain cancer involves 1324 WSI that 750 of them are related 

to the first label, GBM, and 574 of them are related to another label, LGG. The test dataset 

involves 74 WSI that 35 of them are related to the first label, GBM, and 39 of them related 

to another label, LGG. The validation dataset involves 76 WSI that 36 of them are related 

to the first label, GBM, and 40 of them are related to another label, LGG, Table 3.4. 
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Table 3. 4 : Number of patches in Brain dataset 

Type GBM WSI LGG WSI Total WSI Patches 

Training 750 574 1324 34629 

Test 35 39 74 8068 

Validation 36 40 76 1830 

 

3.3.2 Lung Dataset 

The Lung dataset involves three types of cancer, LUAD, LUSC, and MESO. To create a 

dataset for it, all the patches that belong to Lung cancer are extracted.  The extracted 

patches are 23321, 11535, 2758 patches for the training, test, and validation dataset. The 

training dataset of Lung cancer involves 719 WSI that 307 of them are related to the first 

label, LUAD, and 362 of them are related to the second label, LUSC, and 50 of them are 

related to the third label, MESO. The test dataset involves 86 WSI that 38 of them are 

related to the first label, LUAD, 43 of them related to the second label, LUSC, and 5 of 

them related to the third label, MESO. The validation dataset involves 84 WSI that 38 of 

them are related to the first label, LUAD, and 41 of them are related to the second label, 

LUAC, and 5 of them are related to the third label, MESO, Table 3.5. 

Table 3. 5 : Number of patches in Lung dataset 

Type LUAD WSI LUSC WSI MESO WSI Total WSI Patches 

Training 307 362 50 719 23321 

Test 38 43 5 86 11535 

Validation 38 41 5 84 2758 
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3.4 Grid Method for Preparing Datasets  

A portion of data equal to batch size should be fed to the network for training, but there is 

a problem here. The size of images in datasets is 1000*1000, but the ImageNet weight is 

used during the Transfer learning. Since the size of images in the ImageNet dataset is 

224*224, for getting the best results, the image size should be changed to 224*224. Now, 

there are two ways to handle this problem. The first way is to resize images from 

1000*1000 to 224*224. Although this way helps us to solve the problem, it has a 

disadvantage. When we resize an image, we may lose some information and details that 

are necessary to diagnose cancer. The second solution is to crop the images. To do so, we 

create the Grid method.  

3.4.1 Grid method for the training phase 

First, we mesh each image into 25 parts with the size of 224*224. Then, we randomly 

choose one of them and feed the network in each epoch during the training phase, Figure 

3.4. Finally, each randomly selected part is fed into a pre-trained EfficientNet for feature 

extraction. This solution helps us not only resize images without losing information but 

also cover most part of the original images to feed the network.  
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3.4.2 Grid method for the test phase 

In the test phase, we mesh each image into 25 parts with the size of 224*224. Next, instead 

of choosing a random part in the training phase, all the 25 parts of an image were fed to the 

network. We obtain 25 feature vectors and consider the average of these 25 vectors as a 

feature vector for the selected image. 

 

Now, after creating two datasets and implementing the Grid method on that, the 

inputs are ready to feed to the network. We have this opportunity to train our models based 

on that and show how our model can be good for classifying different types of cancers 

(Chapter 4). Then in the next chapter (Chapter 5), we use these datasets to train a model 

with a new loss function that helps us classify cancers better. Finally, the effect of reducing 

bias to create an improved model on these datasets is shown (Chapter 6). Also, to better 

Figure 3. 4 : Patches from a whole slide image(left), create a mosaic from extracted 

patches (middle), randomly choose one part from 25 parts for feeding to the network 

(right). 
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evaluate the model in that experiment, we modify these datasets and use a part of them as 

external validation. 
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Chapter 4 
 

Custom EfficientNet 

 

This chapter investigates the custom EfficientNet network and its procedure training to 

obtain results. First, we talk about how to customize the EfficientNet, and then we discuss 

the training procedure in Section 4.1. This section talks about network details, input, and 

settings. Next, Section 4.2 explains the testing procedure. We show how to use test data to 

evaluate our model. Then, In Section 4.3, the results are analyzed. We show model results 

for each dataset and illustrate the advantages of our model compared with other models. 

At the end of this chapter, the Conclusion is stated in Section 4.4. 

 

4.1 Training Custom EfficientNet 

We trained the custom EfficientNet network with different settings to be able to compare 

our results with a state-of-art network, KimiaNet. As we can see in Table 2.1, we added 

four layers to the EfficientNet to customize that for our datasets. We added Batch 

Normalization (BN) [91] to normalize layers’ inputs by re-centering and re-scaling. It helps 

the model to be faster and more stable. Because our model has tens of layers, its training is 

challenging as it can be sensitive to the configuration of the learning algorithm and the 

initial random weights. One of the reasons for this challenge is that the inputs distribution 
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of deep layers in the network may change after each mini-batch when the weights are 

updated. This reason can cause the learning algorithm to chase a moving target forever. 

Thus, we used batch normalization as a technique for the training model to standardize the 

inputs to a layer for each mini-batch. It helps the model train faster and dramatically 

reduces the number of training epochs required to train the model. In addition, we added 

dropout as a regularization technique to control overfitting [92]. One of the major aspects 

that should be considered during the training of machine learning models is avoiding 

overfitting. To prevent that, during training the custom EfficientNet, we used dropout as a 

regularization technique to discourage learning a more complex or flexible model to avoid 

the risk of overfitting. Moreover, we added three Fully Connected layers (FC) that the size 

of the last one is equal to the number of classes that we have. The number of classes for 

the Lung dataset is three (LUAD, LUSC, MESO), and for the Brain dataset is two (LGG, 

GBM). The Pytorch framework was utilized to implement the training and testing of the 

networks. The model was trained on one P100 GPU with 16GB memory. The size of the 

batch was set to 64. The epoch time for our model was around 20 minutes. Adam optimizer 

was used for our model with an initialized learning rate of 0.1. The model was initialized 

with pre-trained weights of the ImageNet. The input of the network was batches of 

224×224 patches of 20X magnification, and one of the two classes for the brain and lung 

and four classes for the kidney was assigned to each patch as its label. 
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4.2 Experiments 

For evaluating our network, we fed the network with all 25 parts of an image, generated 

using the Grid method. We obtained 25 feature vectors with the size of 1,280 from the 

feature extractor layer for each patch in our dataset. Then, we calculated the mean of these 

feature vectors and considered it as the representative for the selected patch. Figure 4.1 

shows this process. 

 

Figure 4. 1: Calculate the mean of 25 feature vectors and consider it as a feature vector 

for the selected patch 

 

As mentioned previously, the extracted feature vectors are employed for image search to 

find the most similar images for a query WSI. However, to evaluate the performance of the 

search, the primary diagnosis labels are used. For this purpose, to predict the label for each 

WSI, we passed each patch feature vector to the leave-one-out method. In the leave-one-

out method, we tried repeatedly iterating over all WSIs, taking one as the query WSI and 

the rest as the database. Firstly, we calculated the average of all patches features vectors 

that belong to one WSI. Then, we used the Euclidean distance to calculate the dissimilarity 

between the query WSI and the rest of the samples. Next, the three-Nearest Neighbours 
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method is applied to predict the label of query WSI. The label of the majority determined 

the label for the query WSI. Figure 4.2 shows an example of this experiment. 

 

 

Figure 4. 2 : Find the label of WSI. Calculate the distance between the query WSI and the 

rest of the WSIs (left). Find the three-Nearest Neighbours of the query WSI (middle). 

Consider the label of the majority for the query WSI (right). Blue squares are WSIs 

feature vectors, and the orange square is the query WSI feature vector. 

 

4.3 Analysis of Results 

We trained our network for two datasets. In each network, we measure the model’s 

performance in finding the WSI with a similar tumor subtype to the query WSI between 

all WSIs in the dataset (Slide-based Search). For instance, a query WSI is given with the 

subtype label “LUSC”, which is a Lung tumor. Therefore, the algorithm is supposed to 

search between all WSIs in the lung dataset and suggest WSIs with the same class, namely 

LUSC.  

 To verify the performance of our model, we compared the results against two other 

models. The first model is the original DenseNet [55] trained with 1.2 million natural 

images from ImageNet [93]. The pre-trained DenseNet is utilized to extract the feature 
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vectors for histopathology images. The resulted feature vectors are in the size of 1,024 

features. The second model is a state-of-the-art model in histopathology images, namely 

KimiaNet, that is based on the DenseNet architecture and is trained with a large number of 

histopathology patches [12]. Figure 4.3 represents the results of image search on two 

datasets obtained using the custom EfficientNet, KimiaNet, and DenseNet. We used F1-

score [94] to evaluate the performance of our model instead of accuracy. Accuracy is not a 

good metric here because if our model is biased and classifies all WSIs of cancer to one 

label, the accuracy for that label would be 100%, whereas the accuracy for other labels is 

0%. 

 

 

Figure 4. 3 : A comparison among the result of the search through representations 

generated by the DenseNet, KimiaNet and custom EfficientNet on 5 tumor subtypes. The 

two classes of the Brain dataset are LGG and GBM. The tumor subtypes of Lung dataset 

are LUAD, LUSC, MESO. The results show that in all classes the custom EfficientNet is 

better than or equal to KimiaNet and DenseNet 
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The results for each dataset are shown in the following tables. The results for the Lung 

dataset show that our model can improve the accuracy by 5%. Table 4.1 shows the F1-

score for different sub-types of Lung cancer. 

Table 4. 1 : The obtained results for Custom EfficientNet that was trained on the Lung 

cancer 

Dataset Measure #Training #Test Sub-type DenseNet KimiaNet Custom EfficientNet 

Lung F1-Score 22144 11041 

LUAD 0.65 0.78 0.83 

LUSC 0.69 0.84 0.84 

MESO 0.00 0.75 0.75 

 

In another experiment on the Brain dataset, our model performs well on both classes, 

and the results have significantly enhanced from 81% to 87% for LGG and from 81% to 

89% for GBM. Table 4.2 shows the F1-score for two types of Brain cancer. 

Table 4. 2 : The obtained results for Custom EfficientNet that was trained on the Brain 

cancer 

Dataset Measure #Training #Test Sub-type DenseNet KimiaNet Custom EfficientNet 

Brain F1-Score 34629 8068 
LGG 0.71 0.81 0.87 

GBM 0.77 0.81 0.89 

 

 In addition to better accuracy, the size of input images is nearly 20 times smaller than 

that of KimiaNet. The reduced size of inputs makes our model very fast compared to 

competitors. Our proposed model requires just around 14 minutes for each epoch, whereas 

the state-of-the-art, KimiaNet, model took approximately 110 minutes for the training 

phase. Moreover, since the number of parameters was reduced to nearly 40%, fewer 

computational resources are needed to train our network. The proposed model demands 8 

GB memory of a GPU while the state-of-art model used 4 GPUs with 128 GB memory for 
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training.  Table 4.3 compares the number of parameters, epoch, batch-size, and the size of 

images for the DenseNet, KimiaNet and the custom EfficientNet. 

 

Table 4. 3 : Compare the size of Custom EfficientNet and KimiaNet 

Model #Epoch #Batch_size Image Size #Parameters #Epoch time 

DenseNet 20 64 1000*1000 7.1 Million - 

KimiaNet 20 64 1000*1000 7.1 Million 110 minutes 

Custom EfficientNet 20 64 224*224 4.3 Million 14 minutes 

 

These advantages, such as reducing parameters, reducing input size, and improving 

accuracy, provide this opportunity to classify histopathology images accurately and 

efficiently. Furthermore, it addresses some major challenges in digital pathology, such as 

high computational time and heavy computational resources. 

4.4 Conclusion 

In this chapter, we propose our model, custom EfficientNet, that helps us categorize cancers 

very well. We trained the model for each dataset and then evaluated it with the test dataset. 

During the evaluation, we calculate the distance between the query WSI and others and, 

based on that, predict the label for query WSI. To show the model’s performance, we used 

the F1-score method and then compared our model with the competitors in this field. It can 

be seen that the custom EfficientNet can improve the accuracy and achieve better results 

with fewer parameters. In addition, due to reducing the size of input images, the custom 

EfficientNet can train much faster than KimiaNet. Generally, the custom EfficientNet is 

smaller and more robust compared to KimiaNet and DenseNet. 
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 Although the custom EfficientNet helps us achieve good results, we propose a new 

method in the following chapters to train a model based on the objective of the network, 

image search, instead of classification and in addition tackle one of the major problems that 

can affect the results. 
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Chapter 5 
 

Similarity Loss 

 

This chapter explains the performed experiments to implement and evaluate the 

proposed new loss function, Similarity Loss (SL) that helps us implement search-based 

loss function instead of classification loss. The reasoning and intentions that led to the 

creation of this loss function are discussed in this chapter. We show the steps involved in 

creating this loss function as well as the results achieved after applying it to the training 

network. Section 5.1 explains the motivation. The motivation for this chapter comes from 

the desire to train the model based on the image search instead of the classification method 

because our objective from training the model is image search. Section 5.2 explains how 

to feed extracted patches to the network and discusses the implemented methods that help 

us reduce the size of the input and make the model training faster. Section 5.3 describes 

the proposed method and the different steps to create it. Then, in Section 5.4, experiments 

and quantitatively assess SL model performance are described. In this part, to illustrate the 

model performance, we compare the model with the state-of-art model in histopathology 

images. At the end of this chapter, conclusion is stated in Section 5.5. 
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5.1 Motivation 

Image search has been one of the most important fields in computer vision for the past 

decade. It lets a client to search for a certain image and then retrieve related images from a 

large database. This approach is useful for medical and histopathological imaging and has 

a practical application in the real world. One of the benefits of image search is that it may 

take advantage of the rich hidden information included in the pixel values of photos without 

requiring any additional data. Since there is no additional information regarding the new 

biopsy sample in the clinical pathology setting, keyword-based searching to find diagnosis-

relevant cases is not an option. Hence, the image search method can be used because it 

does not demand any external information, and the output of the search is determined based 

on the content of the images. As a result of this advantage, many researchers utilized the 

image search method [95]–[100]. These researches have a significant limitation. Their 

objective is image search, but they cannot train their network based on that. To be more 

precise, in terms of the lack of a technique to train networks for the goal of image search, 

researchers have to use alternative ways such as the classification method instead. Most of 

these research works goals are searching images in a repository, but their models cannot 

learn the parameters based on the primary goals. Hence, we propose a method that helps 

different researchers to train their model based on their objective, images search, instead 

of classification and open the door for us to customize that for other goals such as reducing 

the bias. This method, called Similarity Loss (SL), allows us to train a model based on the 

image search method.  
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5.2 Extract patches for feeding to network 

WSI files are much larger than other types of medical images [101], and their size is more 

than 50K * 50K. As we discussed in Chapter 3, because the WSIs are too large, we should 

extract patches with small sizes from them to create the datasets. After creating datasets, 

they are ready to use for our models. In the first step, we choose one of the datasets to train 

our network. We utilize the Grid method and choose one part of each patch for feeding to 

the network. To be more precise, like the custom EfficientNet model, we mesh each image 

into 25 parts with the size of 224*224. Then, we randomly choose one of them and feed a 

pre-trained EfficientNet for feature extraction. The extracted features vector with 

dimension 1280 is passed to the SL function to calculate the loss value. 

 

5.3 Proposed Method - Similarity Loss Function 

This loss function helps researchers to train their models based on the image search method. 

During the training phase, in each epoch, it gets a batch of files one by one and returns the 

value of loss for that batch. Then this value is used for the backpropagation phase in the 

network. To be more specific, this SL function receives one input, i.e., the extracted patches 

The loss value is calculated using a similarity matrix built using the Cosine Similarity 

measure. The cosine similarity metric is used to determine how similar two vectors are, 

regardless of their size. By more details, it measures the cosine of the angle between the 

two vectors projected in a space with multi-dimension. At the first step to create a Cosine 

Similarity matrix, a matrix F with dimension batch size * 1280 was created by images 
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passed into the loss function. The matrix F includes the images feature vectors. At the next 

step, Cosine Similarity matrix S among the feature vectors is calculated: 

𝑆 = 𝐹 ⋅ 𝐹 (1) 

The matrix S with dimensions batch size * batch size includes the calculated similarity 

between the feature vectors. Since a vector has the most similarity with itself, the Cosine 

Similarity between each vector and itself should not be considered. To remove this 

similarity, we change the matrix diagonal to 0. Therefore, we create matrix S´ with diagonal 

0 by the following product: 

 

𝑆´ = 𝑆 − diag(𝑆) (2) 

The matrix S´ proposed the similarity between every two vectors but did not consider the 

similarity of each vector and itself and put 0 in that place. 

In the next step, each row of S´ normalized to bring all the values in each feature vector 

to the same range and make the process less sensitive to the scale of values:: 

𝑆´ = 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(𝑆´) , 𝑑𝑖𝑚 = 1 (3) 

Since each row should normalize one by one, we put dim equal to 1. Then we build the 

prediction vector P in the size of batch-size to use for loss calculation. To predict a label 

for each image, the labels of other images are used, but with no equal effect. For predicting 

the query feature vector label, the most similar vector to our query feature vector has the 

greatest effect, while the least similar vector has the smallest effect. We utilize the 

similarity matrix and the actual label vector L to create a prediction vector. The vector L 
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includes the real labels of images in a batch, and it is in the size of batch-size too. To be 

more specific, as we mentioned, to predict a label for image i, we use other images that 

belong to that batch size. Whatever an image similar to i, it has more effect for predicting 

the label for i: 

𝑃 = 𝑆´ ⋅ 𝐿 (4) 

In the last step, the Mean Square Error (MSE) is used as the evaluation metric to obtain the 

loss value between the predicted labels and actual labels. MSE is the most commonly used 

loss function that measures the average of the squares of the errors, that is, the average 

squared difference between the actual and predicted labels. In this step, this metric is 

utilized to obtain the loss value between the true and predicted labels: 

𝑙𝑜𝑠𝑠 𝑣𝑎𝑙𝑢𝑒 = 𝑀𝑆𝐸(𝑃 , 𝐿) (5) 

Finally, after calculation of the loss value, it passes to the Stochastic Gradient Decent 

(SGD) for backpropagation and training of the weights. In this step, hyperparameters like 

learning-rate are tuned to help obtain better results. As mentioned, in this loss function, the 

more a feature vector is similar to the query input feature vector, the more it affects the 

result to predict the corresponding label, while the classification method only uses the 

query input label for prediction. Figure 5.1 shows the training process for SL function. 



53 

 

 

 

Figure 5. 1 : Overall structure of training process. Firstly, sub-patches are randomly 

extracted and fed to the EfficeintNet network. Then feature vectors are extracted and 

passed to the SL function to calculate the loss value. Finally, the RLL function returns loss 

value to the network for backpropagation. 

 

5.4 Experiments 

To show the efficiency of our proposed model, we evaluate it with two datasets and 

compare that with some other classification methods. To be more specific, we have some 

models with the same goal that is image search. The three of them are trained based on 

classification, and one of them is trained based on image search (proposed method). Now, 

to show the performance of the proposed model, we have done two experiences on both 

datasets from the TCGA repository, 

1. 26021 Lung images from 81 slides  

2. 36000 Brain Cancer images from 74 slides.   

Both Lung and Brain datasets have two classes, and experiments have been done to find 

the actual class for each input.  
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5.4.1 Experiment Procedure 

In this experiment, we evaluated the performance of our model without considering bias 

and compared our results with DenseNet, custom EfficientNet, and KimiaNet which is a 

famous network for classifying histopathology images [12]. Grid method is used to feed 

the images to the network in both the training and test phases of the proposed method. We 

first train the network with training data, and then feed the test data to the model to 

determine performance and results. After evaluating the model on test data, it can be seen 

that our proposed method achieves a state of art accuracy on both Lung and Brain datasets. 

Table 5.1 shows the F1-score results for four models, DenseNet, KimiaNet, custom 

EfficientNet, and our proposed model. Figure 5.2 compares the results between models for 

both Lung and Brain datasets. 

Table 5. 1 : Compare results of four models, DenseNet, KimiaNet, Custom EfficientNet, 

and SL. It can be seen that in all the classes, the proposed model is better than others. 

The best result shows with green color. 

Site Subtype nslides nImages DenseNet KimiaNet Custom EfficientNet SL 

Brain 
LGG 39 36000 71 81 87 91 

GBM 35 36000 77 81 89 92 

Lung 

 

LUAD 38 26000 38 78 83 84 

LUSC 43 26000 43 84 84 86 
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Figure 5. 2 : A comparison among the result of the search through representations 

generated by the DenseNet, KimiaNet and SL on 4 tumor subtypes. The two classes of the 

Brain dataset are LGG and GBM. The tumor subtypes of Lung dataset are LUAD, LUSC. 

The results show that in all classes the RLL is better KimiaNet and DenseNet.  

 

In addition to better accuracy, the image size that is used for our model is nearly 20 

times smaller than that of KimiaNet. The reduced size of inputs makes our model very fast 

compared to KimiaNet. Our proposed model requires just around 20 minutes for each 
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epoch, whereas the state-of-the-art, KimiaNet, model took approximately 110 minutes for 

the training phase. 

Moreover, since the number of parameters was reduced to about 40%, fewer 

computational resources are needed to train our network. The proposed model demands 8 

GB memory of a GPU while the KimiaNet model uses 4 GPUs with 128 GB memory for 

training. Our network benefits from these advantages and trains much faster than the other 

method. Table 5.2 shows the difference among the number of parameters, epoch, batch-

size, and the size of images for the KimiaNet, and the proposed model.  

 

Table 5. 2 : The number of parameters between KimiaNet and Our proposed model 

Model #Epoch #Batch size Image Size #Parameters #Epoch time 

KimiaNet 20 64 1000*1000 7.1 Million 110 min 

Proposed Model 20 64 224*224 4.3 Million 20 min 

 

5.4.2 Analysis of results 

We evaluated our model for both Lung and Brain datasets in the first experiment. To 

evaluate the model’s performance on Lung dataset, we fed around 26000 images that 

belong to 38 and 43 LUAD and LUSC’s slides to our network. The network was initialized 

with ImageNet weights and trained for 20 epochs with a batch size of 64. We could improve 

the accuracy to classify LUAD and LUAC near 6 and 2 percent compared to the state of 

art model KimiaNet. Besides, our model has much better accuracy near 46 and 43 percent 

for LUAD and LUAC than the DenseNet model. Moreover, our network is smaller than 
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the two other networks. In total, we can achieve more accuracy and fewer parameters 

compared with other models.  

To evaluate the model on the Brain dataset, we fed around 36000 images that 

belong to 39 and 35 LGG and GBM’s slides to the network The network parameter is 

identical to the one used in the Lung dataset model. For both types of the Brain dataset, we 

were able to improve accuracy by around 10% and 11%. Same as the Lung model, we 

achieved better accuracy and trained a model with fewer parameters. 

Totally, our model performs better than other methods because it focuses on the 

final goal of the network, which is image search. This focus allows the suggested model to 

obtain superior outcomes despite the fact that it is smaller, has fewer parameters, and was 

trained with 25 times smaller images. In fact, we have a network that has the following 

characteristics but has more accuracy because it trains the network using the image search 

method. 

• 40% smaller than the state-of-art model  

• It is fed with 25 times smaller images that make the model much faster than 

others. 

• Achieve better results to classify cancers better than the state-of-art model 

 

5.5 Conclusion 

The purpose of current chapter was to implement a model based on the images search. The 

model helped us be independent of the classification method for searching images. The 

results support the idea that the model based on image search can be more efficient for 
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searching an image in a dataset. It shows that a model focusing on the image search for 

training the network can achieve better results, faster training, and less computation. This 

model can be used in future study to help researchers reach their image search goals by 

reducing computation and training time and achieving good results. 

After proposing this model, we try to use another ability that this model provides 

to achieve better results. We attempt to use it to reduce the effect of bias that greatly impacts 

the obtained results. Since some datasets suffer from this problem, we try to make our 

method more applicable to prevent and reduce it in the next chapter. 
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Chapter 6 
 

 Segregation Similarity Loss 

 

This chapter explains the performed experiments to implement and evaluate the 

proposed Segregation Similarity Loss (SSL).  It is discussed the motivation and goals 

which lead to creating another type of Similarity Loss. Moreover, we show the difference 

between these two types of loss functions and details of creating the new version. In 

addition, we show the obtained results from implementing it on many external validation 

datasets. Section 6.1 explains the motivation. The motivation for this chapter comes from 

the desire to train the model that helps us reduce the bias during the training phase. Section 

6.2 shows how to feed extracted patches to the network and explains the implemented Grid 

method to reduce the input size and make model training faster.  Section 6.3 provides 

information about the bias label matrix and how we create it using one-hot vectors. Section 

6.4 describes the proposed method and the steps to create it. Then, In Section 6.5, 

experiments and quantitatively assess SSL model performance are described. At the end of 

this chapter, conclusion is stated in Section 6.6. 
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6.1 Motivation 

The image search method, as explained in the previous chapter, is critical in histopathology 

imaging. Image search is advantageous because it may extract useful hidden information 

from image pixel values without requiring any further information. In previous chapter, to 

use the advantages of this method, we proposed a new loss function, Similarity Loss (SL), 

to train the model based on this method. In this chapter, we propose another type of SL 

function that helps us reduce the bias in the dataset. Based on some recent studies [70], 

TCGA dataset suffers from bias. This internal bias originates from the hospitals and 

institutions that contributed WSIs to the TCGA dataset. The models that train based on the 

classification loss function are not able to prevent this bias during the model training phase 

and reduce the effect of that on the results. To address this problem, we propose a new loss 

function, Segregation Similarity Loss (SSL), that can help us reduce bias and train a model 

based on the image search method. To be more precise, using SSL, we can reduce bias 

during the training phase and prevent its effect of it on the results. 

 

6.2 Extract patches for feeding to network 

Since WSIs are too large, we should find a way to feed them to the network. So, we extract 

patches of small sizes from them and use them for training our model. Then, same as the 

previous chapter, we utilize the Grid method and choose one part of each patch to feed the 

network. We mesh each image into 25 parts with the size of 224*224. Then, we randomly 

choose one of them and feed a pre-trained EfficientNet for feature extraction. The extracted 
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features vector with dimension 1280 is passed to the SSL function for calculating loss 

value. The process until this step is the same as the SL function, but now we have a Bias 

Label Matrix that helps us prevent conflict of interest voting. 

 

6.3 Bias Label Matrix 

There are two inputs to the SSL function. The extracted feature from patches is the first, 

while the Bias Label Matrix is the second. The TCGA dataset suffers from internal bias 

emanating from the institutions that submitted WSIs to the TCGA dataset, according to 

research [80], [81]. Since the feature extractor is trained on specific institutional datasets 

and potential hidden biases are not accounted for, we create a Bias Label Matrix that 

involves hospitals’ information which images belong. So, we change the hospital label to 

a one-hot vector. Since we have 10 and 12 hospitals in Brain and Lung datasets, the size of 

this one hot vector for the Brain and Lung dataset is 10 and 12, respectively. For each batch 

64, we obtain a Bias Label Matrix B with dimensions 64(batch-size) * 10 for Brain and 64 

(batch-size) *10 for the Lung dataset. The number 64 for batch size chosen by users can be 

changed based on their memory and resources. After creating the matrix, we pass it to the 

SSL function. Figure 6.1 illustrates an example for matrix (B) and (1-B) which is used in 

the next step. 
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Figure 6. 1 : The Bias Label Matrix B and the inverse Bias Label Matrix (1-B). The columns 

show the hospitals, and the rows show the feature vectors. The number of rows is equal to 

batch-size, and the indexes show the feature vector belongs to a specific hospital or not. 

 

 

6.4 Segregation Similarity Loss Function  

This SSL function receives two inputs, Bias Label Matrix and extracted patches. For 

calculating loss value, a matrix F with dimension batch size * 1280 is created by images 

passed into the loss function. At next step, a similarity matrix S among the feature vectors 

is calculated as: 

𝑆 = 𝐹 ⋅ 𝐹 (1) 

To avoid the bias effect, images from the same hospital should not be able to predict labels 

for each other. To be more specific, during the training phase, photos from the same 

hospital should not be allowed to vote for each other. To implement that, the similarity 

value in similarity matrix S between two images from a specific hospital changes to 0. 

Then, the matrix S´ which prevents bias is created by the following product: 
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𝑆´ = 𝑆 ⋅ (1 − 𝐵) (2) 

In the next step, each row of S´ normalized. 

𝑆´ = 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(𝑆´) , 𝑑𝑖𝑚 = 1 (3) 

Then we build the prediction vector P with dimension batch-size * 1 to use for loss 

calculation. For creating a prediction vector, we use the similarity matrix and actual label 

vector L. To be more specific, to predict a label for image i, we use other images that belong 

to that batch size. The more an image is similar to i, the more effect it has for predicting 

the label for i. 

𝑃 = 𝑆´ ⋅ 𝐿 (4)| 

In the last step, Mean Square Error is used as the evaluation metric to obtain the loss value 

between predicted labels and actual labels: 

𝑙𝑜𝑠𝑠 𝑣𝑎𝑙𝑢𝑒 = 𝑀𝑆𝐸(𝑃 , 𝐿) (5) 

The loss value passes to the optimizer, Stochastic Gradient Descent, for backpropagation 

and weights training. 

 

6.5 Experiments 

In the previous section, the process of creating the SSL function was discussed. It showed 

that creating this function aims to prevent conflict of interest voting. Now, to show the 

efficiency of SSL, we evaluate it with 17 and 12 external validation datasets created from 

Lung and Brain datasets. For creating each training dataset, we separate the data from a 
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specific hospital and use the test data of the specific hospital as test data. Then we compare 

each model's performance with other methods. All models have two classes for both Lung 

and Brain datasets, and experiments were done to find the actual class for each input. 

 

6.5.1 Experiment Procedure  

In the second experiment, we evaluated the performance of our model for both types of our 

loss function and classification model using external validation. We utilized the Grid 

method, same as the other experiments, to train and evaluate our model. For the SSL 

function in the training phase, we first segregated each hospital's images from the dataset 

and used that hospital's test data as external validation to show network performance. In 

the Brain and Lung datasets, we've done this for all hospitals. We collected all hospitals 

with one WSI and got them as an external validation dataset to cover all the hospitals. We 

trained three different networks. First, we trained our model for each hospital based on the 

classification loss. Then we trained our network based on the SL method without 

considering bias. Finally, we trained our model for each hospital with the SSL method and 

tried to prevent the effect of bias during training the network. Figure 6.2 and Figure 6.3 

illustrate the performance plots for three models on four Lung and Brain datasets, 

respectively. 
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  Figure 6. 3 : Performance plots for 4 example the Lung dataset 

Figure 6. 2 : Performance plots for 4 example the Brain dataset 
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6.5.2 Analysis of results on the Lung dataset 

To evaluate our model, SSL, first, we tested the model trained for Lung dataset. We fed 

the test images of one specific hospital that we did not use in the training phase as external 

validation. We have done that for 17 different models and compared the results with the 

classification model and SL with bias. The results show that our model performances in 

the 11 and 7 experiments are equal to or better than two other methods, the SL and 

classification model. Table 6.1 shows the obtained results for 17 hospitals on the Lung 

dataset. 
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Table 6. 1 : Compare the F1-score for 17 hospitals on the Lung dataset. In each dataset, 

the mentioned hospital data is separate from training data, and the mentioned hospital 

test data use for validation 

# Hospitals NWSI-Test set Classification SL SSL  

1 International Genomics Consortium 16 (0.67 , 0.57) (0.78 , 0.71) (0.59 , 0.53) 

2 Indivumed 10 (0.91 , 0.89) (0.77 , 0.57) (0.83 , 0.75) 

3 Christiana Healthcare 8 (0.60 , 0.33) (0.80 , 0.67) (0.91 , 0.80) 

4 Asterand 9 (0.50 , 0.86) (1.00, 1.00) (0.00 , 0.94) 

5 Mayo Clinic Rochester 5 (0.00 , 0.89) (0.00 , 0.75) (1.00 , 1.00) 

6 Washington University - Alabama 3 (1.00 , 1.00) (1.00 , 1.00) (0.00, 0.80) 

7 Roswell Park 3 (0.67 , 0.67) (0.00, 0.50) (0.67 , 0) 

8 Ontario Institute for Cancer Research 3 (0.67 , 0.67) (1.00 , 1.00) (0.67 , 0.67) 

9 University of North Carolina 2 (0.00 , 0.00) (0.00 , 0.00) (0.00 , 0.00) 

10 Prince Charles Hospital 2 (1.00 , 1.00) (1.00 , 1.00) (1.00 , 1.00) 

11 University of Pittsburgh 2 (0.67 , 0.00) (0.67 , 0.00) (0.67 , 0.00) 

12 Washington University - Emory 4 (0.50 , 0.50) (0.67 , 0.80) (0.00 , 0.40) 

13 Memorial Sloan Kettering Center 2 ( 0.00 , 0.67) (0.00 , 1.00) (0.00 , 0.67) 

14 Washington Uni - Cleveland Clinic 2 (0.67 , 0.00) (0.67 , 0.00) (0.00 , 1.00) 

15 Thorax klinik at Uni Hospital 2 ( 0.67 , 0.00) (0.00 , 0.00) (0.00 , 0.00) 

16 Candler 2 (0.00 , 0.67) (0.00 , 0.67) (0.00 , 0.67) 

17 Hospital with one WSI 6 (0.67 , 0.89) (0.67 , 0.89) (0.67 , 0.89) 
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In the next step, we obtained the number of WSI that each model can predict 

correctly for each hospital. We summed these numbers and calculated the accuracy for 

each model. SSL method can improve the accuracy by near 5% compared to the two other 

methods. In other words, we calculated the number of WSIs that each model predicts 

correctly from all WSIs that we have in the selected dataset. SSL shows its efficiency by 

improving the results by near 5% compared to other methods. It showed that reducing the 

effect of bias on the model can help us improve the model’s ability for prediction. Table 

6.2 and Figure 6.4 show the results and compare models. 

 

Table 6. 2 : Obtained accuracy for each model on the Lung dataset 

Model Classification SL SSL 

Accuracy 67.90% 67.90% 72.80% 
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6.5.3 Analysis of results on the Brain dataset 

At the second step, we tested the SSL model trained on the Brain dataset. Similar to the 

search on Lung cancer images, our model receives the test images of one specific hospital 

and outputs two classes for GBM or LGG. We evaluated 12 different models with this 

dataset and compared the results to other approaches. We were successful in 10 of the 12 

experiments on external validation datasets, achieving equal or greater accuracy.  Table 6.3 

shows the obtained results for 12 hospitals on the Brain dataset. 

 

Figure 6. 4 : Compare the accuracy for each model on the Lung dataset. 

It can be seen that accuracy of the Lung dataset model experience near 5 

percent improvement with using the SSL function 
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Table 6. 3 : Compare the F1-score for 12 hospitals on the Brain dataset 

 

In the next step, we obtained the number of WSIs that each model can predict 

correctly for all 12 hospitals. We summed these numbers and calculated the accuracy for 

each model. SSL method achieved the best accuracy compared with other methods. It 

improves the results by 6% compared to the two other methods. Same as the results 

obtained on the Lung dataset, we can see that reducing the effect of bias on the model can 

help us enhance the model’s ability for prediction. Table 6.4 and Figure 6.5 show the results 

and compare models. 

# Hospitals NWSI-Test set Classification SL SSL 

1 University of Sao Paulo 2 (0.00 , 1.00) (0.00 , 1.00) (0.00 , 1.00) 

2 Henry Ford Hospital 15 (0.57 , 0.63) (0.50,0.67) (0.62 , 0.57) 

3 Case Western - St Joes 6 (0.00 , 0.80) (0.00 , 1.00) (0.00 , 1.00) 

4 Duke University 1 (0.00 , 1.00) (0.00 , 1.00) (0.00 , 1.00) 

5 Dept of Neurosurgery at UofH 6 (0.00 , 0.67) (0.00, 0.80) (0.00 , 0.80) 

6 University of Florida 7 (0.75 , 0.67) (0.86 , 0.86) (0.75 , 0.67) 

7 Mayo Clinic 1 (0.00 , 1.00) (0.00 , 1.00) (0.00 , 0.00) 

8 MD Anderson 7 (0.60 , 0.00) (0.73 , 00) (1.00 , 1.00) 

9 Uni of California San Francisco 7 (0.80 , 0.50) (0.80 , 0.50) (0.80 , 0.50) 

10 Case Western 11 (0.80 , 0.57) (0.93 , 0.86) (0.80 , 0.57) 

11 Memorial Kettering Center 3 (0.00 , 0.80) (0.00 , 1.00) (0.00 , 0.50) 

12 Hospital with one WSI 8 (0.00 , 1.00) (0.00 , 1.00) (0.75 , 0.75) 
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Table 6. 4 : Obtained accuracy for each model on the Brain dataset 

Model Classification SL SSL 

Accuracy 71.60% 70.27% 79.70% 

 

 

Figure 6. 5 : Compare the accuracy for each model on the Brain dataset. It can be seen 

that accuracy of the Brain dataset model experience near 8 percent improvement with 

using the SSL function 

 

6.6 Conclusion 

The purpose of the current chapter was to implement a model based on the images search 

that helped us be independent of the classification method for searching images and 

allowed us to prevent the bias effect of desired elements during the training network. To 
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do a strong evaluation on our method, many external validation data were employed. The 

results support the idea that the model based on image search can be more efficient for 

searching an image in a biased dataset. 
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Chapter 7 
 

Summary and Conclusion 

 

Digital histopathology image analysis is a new field because proper storage, transfer, 

process, and visualization of digital histopathology images were not available until 

the last century due to the high resolution and complexity of those images. However, 

it is an active research field because histopathology plays a crucial role in diagnosing, 

studying, and treating diseases such as cancer. One of the techniques that plays a 

crucial role in digital pathology is image search. This technique in extensive archives 

of digital pathology slides provides an opportunity for researchers to match records 

of past and current patients and learn from evidently diagnosed and treated cases. To 

implement this technique, a state-of-the-art network, EfficientNet, and a method to 

prepare the data for training the model are developed in this thesis. 

 EfficientNet is a neural network architecture and scaling method that can 

uniformly scale a network’s depth, width, and resolution using a compound 

coefficient. This new baseline network achieves much better accuracy and efficiency 

on the ImageNet while being smaller and faster on inference than other convolutional 
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networks. Same as training other deep neural networks, there is a big challenge to 

train EfficientNet with WSIs. Since WSIs have gigapixel size, they cannot be processed 

by the networks that existed. To address this problem, a mosaic approach is applied 

to WSIs to divide them into smaller parts called patches. Then, since pre-trained 

EfficientNet can have better performance when the size of input images is the same 

as the ImageNet images’ size, we proposed a new method, i.e., the random Grid 

method, that enabled us to reduce the size of the inputs (i.e., 20 times) and make the 

training procedure very fast. After using the Grid method, a network-based 

classification method called custom EfficientNet is trained with the images. 

 In the first experiment, we trained a custom EfficientNet model on different 

cancer training sets that are created from the TCGA repository. The model is 

evaluated on two tumor types using the image search in digital pathology. The results 

are compared with those from the state-of-the-art models specialized for 

histopathology images. From the results, it can be seen that the custom EfficientNet 

is more accurate and compact compared to competitors and capable of training with 

a smaller dataset. While most of the existing deep neural networks in digital 

pathology require excessive computational time and expensive resources, the 

proposed model reduces the computational complexity significantly. Despite 

achieving better accuracy with custom EfficientNet, we developed a new method, 

Similarity Loss Function (SL), to train a network based on our primary objective.  

 During the last years, image search has become one of the important 

techniques in computer vision. This technique involves finding images and patches 
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that share the same visual characteristics as the query image. Identification and 

analysis of the same images can help pathologists to find a diagnosis by making a 

baseline for comparison. Generally, the image search technique can assist 

pathologists in diagnosis quickly and accurately. These advantages change the image 

search to a popular method in histopathology images. Despite these beneficial 

features, there is no method to train the model based on the image search, and 

researchers have to use the classification method for training the model and utilize it 

for searching images. In the second experiment, we tried to solve this problem and 

developed a technique, Similarity Loss (SL), that helps us train a model based on the 

primary objective, images search. During the evaluation of this model, it was 

compared with three other methods and showed promising results. It can improve 

the accuracy near 10 and 4 percent for the Brain and Lung datasets compared with 

the state-of-art model, KimiaNet. In addition, it is size near 40 percent, and the size of 

the input images to feed this network is 25 times smaller than the KimiaNet. Totally, 

better accuracy and faster training make this work a well-designed technique. Our 

work does not stop here, and we utilized this technique to solve one of the major 

problems in this field, bias. 

 In the last work, we propose another type of SL function that helps us to reduce 

the bias in the dataset. Based on recent researches, the TCGA dataset suffers from bias 

originating from the hospitals and institutions that contributed WSIs to the TCGA 

dataset. To address this problem, we propose a new loss function, Segregation 

Similarity Loss (SSL), that can help us to reduce bias and prevent the effect of that on 
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the results. This function works the same as the SL function, but it prevents conflict 

of interest voting during the training phase by using a Bias Label Matrix created from 

institutions. It only allows the model to predict the label of a query image based on 

the same images from other hospital images. The results show a near 8 and 5 percent 

improvement compared with the state-of-the-art model. Same as the SL function, the 

SSL function also has 40 percent fewer parameters and is fed with 25 times smaller 

images, making this technique faster. Totally, this investigation shows that the SSL 

technique can help us prevent the effect of bias on the result and achieve better 

accuracy, predict the labels more accurately, and train the model much faster. 

Future work can include applying the proposed SL method in other archives 

of WSIs in digital pathology. In addition, the SSL technique can be used for different 

datasets to generalize the methods better with reducing different elements bias. 

Moreover, the future direction of achieving more reliable and accurate results might 

be driven by discovering the source of bias in different databases. 
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