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ABSTRACT

USE OF SUBGRAPH MINING IN HISTOPATHOLOGY
IMAGE CLASSIFICATION

Bayram Berdiyev
M.S. in Computer Engineering
Advisor: Selim Aksoy
September 2022

Breast cancer is the most common cancer in women and has a high mortality
rate. Computer vision techniques can be used to help experts to analyze the
breast cancer biopsy samples better. Graph neural networks (GNN) have been
widely used to solve the classification of breast cancer images. Images in this field
have varying sizes and GNNs can be applied to varying sized inputs. Graphs can
store relations between the vertices of the graph and this is another reason why
GNNs are preferred as a solution. We study the use of subgraph mining in
classification of regions of interest (ROI) on breast histopathology images.

We represent ROI samples with graphs by using patches sampled on nuclei-rich
regions as the vertices of the graph. Both micro and macro level information are
essential when classifying histopathology images. The patches are used to model
micro-level information. We apply subgraph mining to the resulting graphs to
identify frequently occurring subgraphs. Each subgraph is composed of a small
number of patches and their relations, which can be used to represent higher level
information. We also extract ROI-level features by applying a sliding window
mechanism with larger sized patches. The ROI-level features, subgraph features
and a third representation obtained from graph convolutional networks are fused
to model macro-level information about the ROIs. We also study embedding
the subgraphs in the graph representation as additional vertices. The proposed
models are evaluated on a challenging breast pathology dataset that includes
four diagnostic categories from the full spectrum. The experiments show that
embedding the subgraphs in the graph representation improves the classification
accuracy and the fused feature representation performs better than the individual

representations in an ablation study.

Keywords: Breast histopathology, region of interest classification, graph mining,
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subgraph mining.
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OZET

HISTOPATOLOJI GORUNTU SINIFLANDIRMASINDA
ALT CIZGE MADENCILIGI

Bayram Berdiyev
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: Selim Aksoy
Eylil 2022

Meme kanseri kadinlarda en sik goriilen kanserdir ve oliim orani yiiksektir. Uz-
manlarin meme kanseri biyopsi orneklerini daha iyi analiz etmesine yardimci
olmak igin bilgisayarla gorii teknikleri kullamlabilir. Cizge sinir aglar1 (GSA),
meme kanseri goriintiilerinin siniflandirilmasini ¢ézmek icin yaygin olarak kul-
lanilmaktadir. Bu alandaki goriintiilerin boyutlar1 degiskendir ve CSA’lar
degisen boyuttaki girdilere uygulanabilir. Cizgeler, ¢izgenin diigiimleri arasindaki
iligkileri saklayabilir ve bu, CSA’larin bir ¢oziim olarak tercih edilmesinin bir
bagka nedenidir. Bu tezde meme histopatolojisi goriintiilerinde ilgi bolgelerin

(iB) siniflandirilmasinda alt ¢izge madenciliginin kullanimini inceliyoruz.

(Cizgenin diigimleri olarak cekirdek acisindan zengin bolgelerde orneklenen
pencereleri kullanarak IB 6rneklerini cizge ile temsil ediyoruz. Histopatoloji
goriintiilerini simiflandirirken hem mikro hem de makro diizeyde bilgi gerek-
lidir. Pencereler, mikro diizeydeki bilgileri modellemek icin kullanilir. Siklikla
ortaya cikan alt cizgeleri belirlemek icin elde edilen cizgelere alt ¢izge maden-
ciligi uyguluyoruz. Her alt ¢izge, daha iist diizey bilgileri temsil etmek i¢in kul-
lanilabilecek az sayida pencereden ve bunlarin iligkilerinden olusur. Ayrica, daha
bityiik boyutlu pencereler iceren bir kayar pencere mekanizmasi uygulayarak 1B
diizeyindeki 6zellikleri cikariyoruz. IB diizeyindeki ézellikler, alt cizge 6zellikleri
ve cizge evrisimli aglardan elde edilen iiciincii bir gosterim, IB’ler hakkinda
makro diizeydeki bilgileri modellemek igin birlegtirilir. Ayrica alt cizgeleri ek
diigiim olarak ¢izge temsiline yerlegtirmeyi de ¢aligtyoruz. Onerilen modeller, tam
spektrumdan dort tani kategorisini iceren zorlu bir meme patolojisi veri setinde
degerlendirilmistir. Deneyler, alt ¢izgelerin goriintii gosterimine dahil edilmesinin
siniflandirma dogrulugunu gelistirdigini ve birlestirilmis 6zellik gosteriminin bir
ablasyon caligmasinda bireysel gosterimlerden daha iyi performans gosterdigini
gostermektedir.



vi

Anahtar sézciikler: Meme histopatolojisi, ilgi bolgesi smmflandirmasi, c¢izge
madenciligi, alt ¢izge madenciligi.
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Chapter 1

Introduction

Breast cancer can lead to a death and it is the most common cancer in women.
The cancer can be handled with less damage if it is discovered earlier [2]. Classifi-
cation of cancer can be used to decrease time consumed to diagnose the samples.
For instance, it can be used to eliminate insignificant regions from the slides ob-
tained from the biopsy samples. The samples contain a lot of information and it
is harder for humans to process all of the information. To solve this classification
task most of the recent works use Neural Networks (NNs) because of its success
on image recognition. Specifically, Graph Neural Networks (GNNs) have been

widely used to use its power on learning relations between nodes [3].

This thesis introduces use of subgraph mining in classification of breast cancer
biopsy samples. Both micro and macro-level information are important features
used to classify the biopsy samples. We construct graphs from the samples and
nodes of those graphs can represent micro-level information. We use subgraph
mining output to represent higher level information about the samples. Addi-
tionally, we apply a sliding window and use it as a more higher level information.
Fusion network, a model defined to have ablation study, uses all three input
sources. Also, we try to embed subgraph features into graph and see that it leads

to improved results.



1.1 Problem and our solution

In breast histopathology, biopsy samples are scanned with magnification to get
Whole Slide Images (WSI). The experts decide diagnostic labels after investi-
gating WSIs of patients. There are Regions of Interests (ROIs) in WSIs which
are informative regions used by the experts. The same diagnostic labels can be
used to label ROIs. WSI can contain ROIs from different labels and ROI-level
labels play an important role while deciding WSI labels, so the step of classify-
ing ROIs is a necessary step in classification of WSIs. In this thesis, we try to
solve classification of ROIs with 4 classes. There are no objective standards to
decide the label of the given sample but we know how the experts evaluate it.
First they look at the whole image and zoom the parts which contain important
information. In other words, both macro-level and micro-level features are used

to decide the label of the given sample [4].

Distribution of nucleus is one of the important pieces of information while
deciding labels, so we use this information to decide nodes of the graph [5]. First,
a probability map for nuclei in each pixel is obtained with a nucleus detector.
Then, we put patches on nucleus rich regions of the sample where each patch
will be a node of the graph. There are also nucleus free regions which may be an
important feature. After locating patches on nucleus rich regions, we locate new

patches on nucleus free regions.

Each patch is a window which is a square region that contains a small part
of the ROI sample. Using raw RGB data is not a good feature so we have
used feature extractor. There a works that uses pretrained model as a feature
extractor, as well as some of the works train the model with their data set. We
use pretrained Resnet50 [6] as a feature extractor and we use it in more than one
place. Using pretrained network makes our method easily applicable to a new
data set, because training a Deep Neural Network (DNN) is not a straightforward
task. To exploit subgraph mining, we want to give labels for each node and in
our data set there is only ROI-level label. To get those labels, we use patch

features with Kmeans clustering algorithm. As a result, similar patches get the



same label.

Since neural networks are black-box like models, it is better to give additional
features to make the learning process easier. Also, features from different levels
can help to classify breast histopathology biopsy samples. Because of that we are
using features from three different levels with a fusion network that we have de-
fined to do an ablation study. First, the graphs are constructed by using the ROI
samples and this input contains features from the lowest level. Second, subgraph
mining output that represents a middle level feature. The highest level feature is
obtained by applying a sliding window with a higher sized window. In addition
to the ablation study, we try to integrate subgraphs into graph. We define some
models that process graphs that are integrated with subgraphs. Experiments

show that integrating makes the learning process easier.

We have applied frequent subgraph mining after getting graphs from each ROI
sample. Then, we found occurrences of frequent subgraphs on graphs which give
us subgraph level features. This feature is used alongside graphs while applying
GNN, which is our main contribution in this work. First we have tried to use
subgraph level features with graph features by concatenating them together. We
see an increase in performance when using multiple sources compared to using
features from one source. Then, we try to embed the subgraph mining output
into a graph. To do that, we add a new node which is connected to subgraph
nodes. There are models that process subgraph embedded graphs and perform

better than a model that uses them by concatenating.

1.2 Organization of the thesis

The rest of this thesis includes the following chapters.

Chapter 2 describes related works in classification of breast histopathology and

works that use graph mining.



Methodology is mentioned in Chapter 3. Data set that we have used is ex-
plained in the first section. How samples are collected, difficulties of data set
and splitting of the data set into train, validation and test sets are described.
Second, representation of the patches i.e. how the patches are located and the
process of extracting features from the patches are presented. Then, construction
of the graph from patches is explained. After that, representation of frequent sub-
graphs with Fisher vectors is demonstrated. Finally, step of getting ROI labels

from graphs is explained.

Experiments and discussions of results are in Chapter 4. First, we plotted
the patches with t-Distributed Stochastic Neighbor Embedding (t-SNE) [7] for
different magnifications, to check if there is significant difference. It is followed
by clustering experiments. After that, the effects of graph mining parameters are
shown. Then, ablation study on different feature sources is demonstrated and
experiments on embedding subgraph mining output into the graph is illustrated
with different metrics. Finally, a comparison of our work to related work is

presented.

Conclusion and future works are explained in Chapter 5.



Chapter 2

Related Work

In this chapter we are presenting works done related to our work. Success of NNs
on image recognition tasks leads to use of GNNs in digital histopathology. Convo-
lutional Neural Networks (CNN) performed well on learning representation from
images, but they are not applicable to arbitrary sized images without additional
operation. In digital histopathology, input type is also image but with varying
sizes. GNN can be applied to graphs with different sizes and this is one of the
reasons why GNN is preferred to CNN in digital histopathology tasks. Graphs
can encode relations between its nodes and this is another reason why GNNs
are preferred [3]. We are also using GNN to solve the classification of cancer on
breast histopathology images. Alongside GNN, we have used subgraph mining
to exploit the graph representation. In Section 2.1, we present works related to
digital pathology and GNN. Works related to subgraph mining are presented in
Section 2.2.



2.1 Digital histopathology and GNN

2.1.1 Digital histopathology

In recent years, deep learning helped to develop breast histopathology image
analysis [8]. Also, traditional methods such as support vector machines and su-
perpixel clustering are still in use to solve breast histopathology tasks [9]. Breast
cancer analysis is one of the applications of digital histopathology, but other can-
cer analysis can be done in a similar way [1, 10, 11, 12], so we mention works

done in digital pathology.

There are different works which try to reduce the effect of lacking task specific
labels. Expert knowledge is necessary to label the samples, which leads to scarce
of labeled data sets. In our work, we use an unsupervised method and pretrained
model to get patch labels, since there is no patch label in our data set. In
work [13], they have applied transfer learning from a weakly labeled data set
and achieved competitive patch classification results while using less data. Also,
transfer learning leads to an increase in classification accuracy on WSIs [14].
Additional works that use transfer learning for classification and segmentation
tasks can be found in [15, 16].

2.1.2 GNN

There are several types of GNN such as recurrent GNNs, convolutional GNNs,
graph autoencoders and spatial-temporal GNNs [17]. GNNs are used in digital
pathology as well as they are used in other fields. For instance, spatial-temporal
and recurrent GNNs are used for forecasting tasks [18, 19]. In digital pathology,
convolutional GNNs are mainly used GNN type [3].

Most of the convolutional GNN models require node features alongside graph
structure. In work [1], they have trained CNN with their data set and used it as

a feature extractor. Instead of training model, pretrained CNN models are used
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in works [20, 21]. Resnet50, DenseNet [22] and MobileNetV2 [23] are some of the
preferred models to extract features in digital pathology. [3].

Graph Convolutional Networks (GCNs) [24] and Graph Attention Networks
(GATSs) [25] are example convolutional GNNs. Layers in these models change
the feature dimension of nodes while graph structure remains unchanged. Node
features and neighbor node features are combined to calculate a new feature in
GCN layers. Layers in GAT are constructed by adding self-attention mechanisms
to the layers in GCN. There are also graph pooling layers that change graph
structure, where the number of vertices are decreased. Self-Attention Graph

Pooling [26] and Differentiable Graph Pooling [27] are examples for this layer
type.

2.1.3 Graph construction in digital histopathology

There are mainly 4 types of graphs constructed in digital histopathology, which
are cell-graph, patch-graph, tissue-graph and hierarchical-graph [3]. Vertices of
cell-graphs are defined by using nucleus information. Nucleus detector is used
to extract nucleus information from the samples and there are studies using
pretrained nucleus detectors [28] as well as some works train the model [29].
Patch-graphs are composed of patches which are located uniformly or heuristi-
cally [1, 12]. Patches are windows on the input images which may contain many
nuclei. Based on the size of the patch it may contain part of the tissue or whole
tissue. Some works [30, 31] try to exploit tissue information and used tissues as
vertices to the constructed graph which are example to tissue-graph. To use both
micro and higher level information hierarchical-graphs are used. For instance, in
work [21], they have constructed graph by both cell and tissue nodes where cell
nodes and tissue nodes are connected by an edge. To add the edges between the
nodes Delauney triangulation [30], distance threshold [1] or Voronoi diagram [32]

methods are used.



2.2 Subgraph mining

Subgraph mining is a subsection of graph mining which is used in biology, chem-
istry, social network, knowledge graph and collaboration network [33]. For exam-
ple in chemistry, chemical compounds are represented as a graph and subgraph
mining is applied to find structural fragments [34]. In a collaboration network,
one can mine important collaborations among authors [35]. We have applied
subgraph mining and used it alongside graphs. While mining, matching is used
and there are two types of matching: exact and approximate. We have used
exact matching, since approximate matching is preferred if exact matching is
not applicable. In exact matching algorithms, there are pattern-growth approach
methods where small subgraphs are extended by adding edges to get bigger fre-
quent subgraphs. Example algorithms for this approach are Molecular Fragments
Identification Technique (MoFa) [36], Spanning Tree based Maximal Graph Min-
ing (SPIN) [37] and Graph-Based Substructure Pattern Mining (gSpan) [38].
Another approach is apriori-based where new frequent subgraphs are found by
joining two small frequent subgraphs. Edge disjoint path-join algorithm [39] is an
example algorithm for this approach. There are also methods which find some of
the frequent subgraphs but do not guarantee to find all of the frequent subgraphs
which are called incomplete methods. We can see this kind of algorithm in work
[40].

The algorithms described above work well on mining subgraphs from a
database of graphs. There are also algorithms adapted to mining subgraphs from
a single large graph. These types of methods are used in applications of social
networks, citation graphs, or protein-protein interactions bioinformatics [41]. In
our case, we have a graph for each sample, so we did not consider these types
of methods. We have used gSpan as our method because it is widely used in

subgraph mining [42].

The metric to count subgraphs in a graph is called support. The widely used
metrics are maximum independent sets (MIS) [43], harmful overlap (HO) [44]

and minimum image based (MNI) [45]. The metrics differ on how isomorphisms,



which is mapping subgraph to graph, overlap. We have used MNI as a support
metric because the computation of MIS and HO are NP-complete. Also MNI
mappings contain all of the mappings of both MIS and HO [35].



Chapter 3

Methodology

In this chapter we explain our method to solve the classification of ROI in breast
histopathology images. Data set is introduced in Section 3.1. Section 3.2 describes
how we locate patches which are nodes of graph that is going to be constructed.
Nuclei information is used as a heuristic for patch locations. Features of nodes are
obtained from pretrained neural network where input is patch window cropped
from ROI image. In Section 3.3 the step of constructing graph from nodes is
explained. Voronoi diagram is used to add edges between nodes. There are
some undesired edges and how those edges are removed also explained. After
constructing graph, subgraph mining is applied which is in Section 3.4. There
are alternative algorithms for graph mining. The algorithm that we use and its
properties are discussed. Then, frequency of the subgraph, which shows how many
times that subgraph occured on graph is defined. After that, subgraph mining is
applied on training set to get frequent subgraphs. Finally, most informative ones
are selected by using forward selection. In Section 3.5, graph representation is
discussed. Finally, in Section 3.6, we illustrate how subgraph features are used

alongside other features to predict diagnostic label of the samples.
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Figure 3.1: Fusion network diagram. The network gets input from three sources:
roi-feature, subgraph-feature and graph-feature. Each feature is processed with
specific steps and concatenated at the end. Then, two fully connected layers try
to learn classification from the concatenated output.
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3.1 Data set

The data set we have used is the same data set used in [1] work. It contains 121
WSIs from 99 patients and was collected with the Department of Pathology at
Hacettepe University. Olympus slide scanner was used with 40X magnification to
scan haematoxylin and eosin stained specimens. Then, ROIs were labeled with 4
class labels by experienced pathologists. ROI is represented as a window on WSI,
its mask and class label. The classes are benign, atypia, in situ and invasive. We
have used the same steps in [1] to get RGB image from hematoxylin and eosin
channels which are stain normalization and getting red, green and blue values for
each pixel. In Table 3.1 we can see statistics of the number of pixels on each class
for samples at 10X magnification. In our experiments we have used 10X and 5X

magnifications.

There is a data set which contains the same sized ROIs for all samples [46]. As
we can see from Table 3.1, sizes of ROIs vary a lot in our data set. Pathologists
themselves decide the size and shape of the samples so we can consider that ROIs
have varying sizes. CNNs perform well on image classification tasks, but they
require same sized inputs which makes our data set more difficult than same

sized data sets.

Table 3.1: Statistics for number of pixels for each class label. Average, standard
deviation and maximum to minimum ratio are given.

Benign Atypia In Situ Invasive

Average 1966K 473K  4227TK  13528K

Standard deviation 4207K 687K  8325K  19263K
Max-min ratio 2216.0 704.5 1989.1 762.5

In [1], data set have been split into train, validation and test sets. They have
decided to eliminate small ROIs from the data set. In our work, we are using
the same train, validation and test sets. Also, we have removed the same small
samples from our data set. In Table 3.2, we can see the number of samples for

each set and label. It is worth to note that nearly half of the samples belong to

12



the train set and the other half is distributed to validation and test sets. While
splitting the samples, all of the samples belong to one WSI are put in one set.
Since WSIs can contain varying numbers of ROIs, it may not be possible to
distribute samples perfectly even. That is why the validation set contains 291

samples while the test contains 278 samples.

As can be seen in Table 3.2, there is data imbalance in our data set. Class
atypia contains 46 samples while class benign contains 238 samples for the train
set. Difference in the number of samples is very huge, so we have upsampled the
samples in the train set to reduce its effect on performance. After upsampling
there are 238 samples for each class in the training set. We duplicated the samples

without changing anything for the classes that have less number of samples.

Table 3.2: Number of slides and ROIs for each set and class label. Sum of the
slides for labels may be greater than the total number of slides, because one slide
can contain ROIs with different labels.

Benign Atypia In Situ Invasive Total

Training Set 42 20 22 15 53
Slide Validation Set 18 11 10 7 23
Test Set 20 10 11 7 26
Total 80 41 43 29 102
Training Set 238 46 173 117 574
ROI Validation Set 104 26 103 58 201
Test Set 123 22 77 56 278
Total 465 94 353 231 1143

3.2 Patch representation

3.2.1 Locating patches

Distribution of the nucleus is one of the important information while deciding
cancer labels of breast cancer patients [28]. There are works that use the nucleus

as a node of a graph while constructing graphs from breast histopathology images.
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Because of that we try to put patches on nucleus rich regions. We have used
HoverNet [47] which is widely used in detecting nuclei in digital pathology. Input
to the HoverNet is an ROI image and it gives a probability map of the nucleus
on each pixel. We can see an example ROI image and output of the model in
Figure 3.2b.

After getting probabilities, we try to put a patch on each nucleus. To do
that, we need some discrete values for being a nucleus, 0 for no nucleus and 1 for
having a nucleus. First, we apply a threshold to get a 0-1 map. Then, a connected
components algorithm is applied where each pixel is a node and there is an edge
if two pixels are adjacent. Ideally, each connected component should represent
one nucleus in a given sample. To find the exact position for the center of the
patch we apply centroid operation for the nodes belonging to the component.

Mentioned steps give us patches and their locations.

Having one patch for each nucleus will result in overlapping patches. Many
of those overlapping patches overlap most of its region with others, because one
patch can contain more than a hundred nuclei. To eliminate those overlapping
patches we use Non-maxima suppression (NMS). In order to use NMS, we need a
value for each patch which shows how important it is. Those values are obtained
from summing the nucleus probability of pixels inside the patch. We allow small
overlapping between patches by giving IOU-threshold greater than zero. Example
patches selected after applying NMS can be seen in Figure 3.2c.

3.2.2 Feature extraction

Before constructing a graph we need to decide how to get features of each patch
which is a node of the graph. To do that, we use ImageNet pretrained Resnet50
[6]. First reason why we do not train the model is we do not have patch labels.
Also, training DNNSs is not a straightforward task, which makes our method easily
applicable to a new data set. Our patches are RGB images and the size of patches
is equal to input size of Resnet50, which is 224x224. Output of the last average

pooling layer on Resnet50, which gives us a 2048 dimensional feature vector, is
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Figure 3.2: ROI sample and chosen patches. In (a), ROI image and boundary
drawn by pathologists shown. Output of HoverNet, which is a probability map,
is in (b). Followed by (c), which shows patches drawn on the probability map.
In (d), the same patches are drawn on ROI image
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used as a feature extractor.

We want to give discrete labels for nodes alongside 2048 dimensional vec-
tors. Kmeans is used as a clustering algorithm to get discrete labels from feature
vectors. Kmeans uses distance functions to compare two features. A 2048 dimen-
sional vector is not an ideal input to distance functions, so we decrease dimension

with PCA. Applying clustering on patches gives us cluster label for each node.

3.3 Constructing graph

To construct graphs we need edges alongside nodes. Voronoi diagram, Delaunay
triangulations and distance threshold are used to add edges between nodes in
digital pathology [1, 32, 30]. We use the Voronoi diagram for edges and we can
see example edges in Figure 3.3a. The main reason why we add edges between
patches is to get neighboring information about the patches. As we can see there
are edges between nodes which are not close or far away from each other. We
decided to remove those long edges and long edge means if it connects nodes
whose distance is greater than two times average edge distance in that sample.

The example removal can be seen in Figure 3.3b.

3.4 Subgraph representation

After constructing graphs we apply graph mining on constructed graphs. Graph
mining is done by finding subgraphs which occurred in many of the graphs which
are called frequent subgraphs. These frequent subgraphs are found in a supervised
way, so we will get useful information to classify graphs. Additionally we exper-
iment with unsupervised subgraph mining and results can be found in the next
chapter. Subgraph mining returns many subgraphs, because of that, selection is

done after finding subgraphs.
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Figure 3.3: Long edge removal after applying Voronoi. In (a), we can see some
edges connected even if they are far away from each other. Those long edges are
removed and shown in (b).

3.4.1 Graph mining

3.4.1.1 gSpan

gSpan is a pattern or subgraph mining algorithm on a graph data set[38]. Input
to the algorithm is D = {G1, Gy, ...}, support, frequency where D is a data set
which contains labeled graphs which is a graph where each node and edge have
a label. In literature, the term support is used as a metric. In this thesis, we
are using it as follows. Support is a percentage threshold which decides whether
subgraph is frequent if that subgraph occured at least in | D| x support of graphs.
Subgraph is occured in graph G if there is at least frequency mappings from
nodes of graph G; to subgraph. Definition of mapping will be explained in detail
in Section 3.4.1.2, but we can think of it as finding nodes and edges in a graph
which is equivalent to a given subgraph. Output of the algorithm is frequent
subgraphs and their mappings in the graphs. D is combined from graphs that we
constructed in Section 3.2. Our graphs do not have edge labels, we can consider

them as having the same label for all edges.
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The algorithm does not use a graph label, which is the ROI label in our case,
so we decided to apply gSpan in a supervised way. First, train data is split into
data sets in a way such that each data set contains graphs from only one class
and all samples of one class are in one data set. This gives four data sets. Then,
graph mining is applied on each data set, so frequent subgraphs give information
about the label of the sample. Additionally, we apply subgraph mining in an
unsupervised way. In this way, we have only one data set D which contains all of
the samples from the training set. Subgraph mining gives us a lot of subgraphs,
including similar subgraphs. To eliminate unnecessary subgraphs, selection is

done and can be found in Section 3.4.2.

gSpan gives only the way to find frequent subgraphs. To count subgraphs in
a given graph is done also by using the same gSpan algorithm. Assume we want
to find mappings of subgraph s on a given graph GG. To do that, gSpan is applied
to a new data set D = {G,s} with support = 1 and frequency = 1. After
getting frequent subgraphs, all subgraphs which are not equal to s are removed.
Finally, we only have one subgraph which is equal to s and its mappings in G.
This can be applied to counting more than one subgraph. For example if we

want to find the frequency of two subgraphs s1 and s2 on G, the data set will be

2
3

with the condition that one of the occurrences should be in G otherwise it is not

D = {G, s1, s2}. Then, gSpan is applied with D, support = % and frequency = 1

frequent.

3.4.1.2 Subgraph frequency

We need a definition for mapping a subgraph to a graph to define the frequency
of the subgraph. In our work there is only a label for vertices of the graph. In
this work, graphs are undirected and defined as follows. G = (V, E, L) where V
is a set of vertices, E' is a set of edges and L is a function which maps vertex to
label.

Definition 1: A connected graph S = (Vs, Fg, Lg) is subgraph of graph G =
(Vg, Eq, L(;) if and only if Vg C V5, EFs C Eg and LS(U) = Lg(v) Vv € Vs.
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Definition 2: Assume that S = (Vs, Es, Lg) is subgraph of graph G =
(Va, Eg, Lg), then subgraph isomorphism is an injective function f : Vg — Vg
such that Lg(v) = La(f(v)) Vo € Vg and 3(f(u), f(v)) € Eg V(u,v) € Eg.

Definition 1 gives an explanation for the subgraph relation between two graphs.
Definition 2 is about mapping subgraphs to nodes of the graph. There should be
at least one subgraph isomorphism from S to GG in order to say S is a subgraph of
G. Counting the number of isomorphisms can be used as a frequency of subgraph
in a graph, but this metric is not anti-monotonic. Anti-monotonicity is a property
where if S1, S5 are subgraphs of G and S is subgraph of S;, then frequency of .S}
should be greater or equal to frequency of S;. Having anti-monotone property is
important for the algorithms which use prune and search techniques where gSpan

is one of them.

There are different metrics used as a frequency of a subgraph. Mainly used
frequency metrics are maximum independent set (MIS), harmful overlap (HO)
and minimum image based (MNI). Let us assume S is a subgraph, G is a graph
and {f1, fo, ..., fm} are all subgraph isomorphisms of S to G. To calculate MIS
frequency, first new graph is constructed where nodes are subgraph isomorphisms
and there is edge between f;,f; if {f;(v)|Vv € S} N {f;(v)|Vv € S} is not an
empty set. Then, a maximum independent set is found on a new graph which
gives us MIS frequency. The only different step in calculating HO frequency is
adding edges. Edge is added between subgraph isomorphisms f;, f; if there exist
vs € S such that fij(vs) = f;(vs). In MNI frequency, F(v) is calculated for all
nodes of S, where F(v) is a distinct set of {fi(v), fa(v),...fin(v)}. Then MNI
frequency is minimum of {|F'(v)||Vv € S}. We can see interpretations of MIS,
HO and MNT frequencies in Figure 3.4.

Calculation of MIS and HO frequencies are NP-complete while finding MNI
frequency problem is in P. Also, MNI frequency is upper bound for both MIS and
HO frequencies [35]. We have used MNI frequency because it can be calculated

efficiently and frequency value range is wider than others.
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Figure 3.4: Ilustration of different frequencies. (a) shows a sample graph and
subgraph that is going to be counted with different frequencies. MIS frequency
is shown in (b), which is equal to 1. HO frequency is equal to 2 for the given
graph and subgraph and can be seen in (c). Differences between HO and MIS
frequencies can be seen on the graphs at the middle of (b) and (c¢). Finally,
MNTI frequency is in (d) and it is equal to 2. F(1) = {a,c,e}, F(2) = {b,d},
F(3)={a,ce}

3.4.1.3 Supervised subgraph mining

We separate train data according to class label and apply subgraph mining. Num-
ber of nodes and graphs vary among different class labels. If we give the same
support for different data sets we may not get a similar number of frequent sub-
graphs. To get a similar amount of subgraphs from each class sample, gSpan
algorithm is run with different support values. Our method takes a number
which is the required number of subgraphs from each class data set. Support

starts with high value and decreased by some amount until at least the desired
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number of subgraphs is found. If the number of subgraphs is greater than desired
number no subgraph is removed, because after this step selection is applied on

subgraphs.

3.4.2 Subgraph selection

We have experiments for mining for each class of samples as well as one mining for
all samples. There could be subgraphs which are frequent in two different class
samples. Also there could be similar subgraphs such as two subgraphs where
the only difference is the label of one node. If one subgraph is frequent then
it is likely to find similar subgraphs as frequent ones. Another similarity is, a
subgraph which is a supergraph for another subgraph. Graph A is a supergraph
of another graph B if A can be constructed from adding edges or nodes to the
graph B. To eliminate similar and identical subgraphs, we decided to apply
selection on frequent subgraphs. Instead of selection, if we mine only a small
amount of subgraphs, again we will end up with very similar subgraphs, so the

selection step helps us to get informative subgraphs.

As we explained in Section 3.1 we have training, validation and test sets. For
each subgraph we define p(s, ¢) which gives the probability of being from class ¢
for subgraph s. Probability distribution is normalized i.e. sum of p(s,¢;) for all

classes is equal to 1. p(s,c) is calculated as

count(s, DV)

3.1
count (s, D) (31)

p(s,c) =
where D' is data set which contains samples for class ¢, if ¢ = all then it means
all classes, in validation set. count(s, D) is the number of occurrences of subgraph
in D = {G1, Gy, ...} where occurrence is 1 if there is at least one mapping from s

to G;, 0 otherwise.

We have decided to use a forward selection algorithm because of its simplicity.
To apply forward selection, we need a heuristic function which gets selected sub-

graphs and gives a value that shows performance of classification. heuristic(S, D)
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is a function which gets selected subgraphs and data set. Equations used to cal-

culate heuristic function are

S = {s1, $2, ..., Sn }, selected subgraphs (3.2)
Crot— found if Z;l count(s;, {G;}) =0
Yprea(Gie) = argmax (.7 p(s;,¢) x count(s;, {G;}))  otherwise
C (3.3)
heuristic(S, D) = recall(Ypred, Ytrue) (3.4)

where Yiue is ground truth value for the sample. If no subgraph was found
on the given graph then we give the label ¢,ot— found. There are samples with no
frequent subgraph on it, to find value for the ¢po—founa We do experiments and

can be found in the next chapter.

3.4.3 Fisher vectors

Until now, we have applied subgraph mining and selection on frequent subgraphs.
We want to use subgraphs mining and selection results in a neural network.
Subgraphs can have different numbers of nodes. Also, each sample can have
varying numbers of subgraphs. Neural network we are going to use requires
the same dimensional feature for all samples. Fisher vectors (FV) and bag-of-
visual-words (BOV) can be used to extract the same dimensional feature from
subgraphs. BOV is used for image recognition and retrieval where the aim is to
extract comparable features from a bag of descriptors or words. Here, we can
think of a subgraph as a bag and each node is a descriptor or word. FV is an
extension of the BOV model and it can be seen as a soft BOV [48]. F'V gives richer
information and we have used it to extract features from subgraphs since we are

going to use it with the neural network which can learn from richer information.

We have 3 options to choose a descriptor for the nodes of the subgraphs:
output of Resnet50, output of PCA and Kmeans cluster. [49] states that applying

PCA before FV improves accuracy and decreases the memory footprint of the
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representation. Because of that, we choose PCA output. We use FV with 16
Gaussians, as a result, 2x16x50=1600 dimensional vector extracted. Also, we
decrease the dimension of output of FV due to reasons mentioned in Section 3.6.1
and we achieve that by using PCA. At the end we have one Fisher vector for each
subgraph. In order to have a fixed dimensional feature for all samples, we took the
mean of the Fisher vectors. There are some samples where no frequent subgraph
is found on that sample. For those samples, we have used a random vector with
dimension 64. The same random vector has been used for all samples with no
frequent subgraph. After all operations there will be one 64 dimensional vector

for each sample.

Implementation of the Fisher vector we are using is from VLFeat library and
its version is 0.9.21 [50]. We calculate Fisher vectors by enabling square-root and
normalized properties which makes the library to use signed squared-root and to

apply normalization respectively.

3.5 Graph representation

Graph representation is used to represent objects and their relations. This rep-
resentation has been used in other computer vision tasks such as segmentation
and human object interaction detection. Our input source, ROI image, is one of
the sources that can be converted to graph. We explained the process of building

graphs in previous sections and we need to define how to process those graphs.

Most of the GNNs used in digital pathology are composed of traditional NN
layers, graph convolution and pooling layers. Input to the graph convolution
layer is a graph and it uses both nodes and edges of the graph. In general, both
nodes and edges can have features. In our case, we do not have edge features.
If we want to represent our graphs with pairs (H!, A), where H' is a matrix of
size N x D'. It represents node features with N nodes where each node has a
D! dimensional feature vector. The matrix A is an adjacency matrix to represent

neighboring relationships between nodes. Since we do not have edge features, A
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contains only zeros and ones. A, ; contains zero if there is no directed edge from
1 to j. If there is a directed edge from i to j, then it contains one. Graphs that
we have constructed are undirected, which can be represented by two directed
edges. In other words, A;; = A;; for all (i,7) pairs. Graph convolution layer
can be seen as a function f, which gets H', A and gives us H'*! matrix. As an
example, f(H', A) = AH'W'! = H'! is a simple graph convolution layer, where
W' € Dy x Diyy. Dy is the feature dimension of the new feature. In most of the

GNNs, the new feature dimension is smaller than the previous feature dimension.

In our model, we have used GAT layers because of its good performance in
our data set. The formula of the GAT layer for one node can be seen in Equation
(3.5). Let us assume k. € D;x 1 is input feature for node i and kit € (D4 P)x 1
is an output feature for node i. Then, output feature for the node i is calculated

as

P
héJrl = Hp=1 Z Oé@j@hé- (35)
JEN()
exp(LeakyReLU(a” [Oh, || ©R}]))
> reni exp(LeakyReLU (o [OR] || ©R]]))

Qij =

where symbol || represents concatenation operation. In the GAT layer, there
are parallel inner layers and it is defined as heads. In the Equation (3.5) it is
defined with P. Result of those parallel inner layers are concatenated as can
be seen in the Equation (3.5). Instead of concatenation, mean operation can
be used as well. N (i) gives us a list of vertices which are neighbors to vertex
i, including 7. Attention coeflicient «;; calculation is shown in Equation (3.6).
Learning parameters are © € D;y; X D; and a € 2D, x 1 and each head has
its own learning parameters. The Equation (3.5) is applied to all of the nodes in

the graph, as a result there is a new feature vector for each node.

The GAT layer changes only the dimension of the node features while graph
structure remains unchanged. In our problem, we have graph labels and we need

to extract one label from the graph. There are graph pooling layers which change
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graph structure. They are used to decrease the number of nodes in the graph.
We do not use this kind of layer, instead we took the mean of the node features

to decrease the number of the nodes to one.

We have used a dropout layer between GAT layers and it works as follows.
First, it chooses some of the dimensions from the feature vector. Then, it sets
zero for those dimensions in all of the nodes in one graph. There is a summation
operation in the GAT layer, which takes the weighted sum of the neighbor node
features. To increase the effect of dropout, it is applied as described and taken

from work [51].

3.6 Combining features

Until now, we extracted graphs and frequent subgraphs from the ROI sample.
First, we tried to concatenate features from different sources and designed a
fusion network. There could be better ways than using concatenated features to
exploit the mining output. Additional models are designed to check if embedding
frequent subgraph mining output into graph is effective. Design of the parts of

the models that process graph is inspired by the work [1].

3.6.1 Fusion network

The Fusion network we have designed combines features from three sources. Since
we are concatenating features without any complex operation, we wanted to add
more higher level features. To do that, we are applying a sliding window on ROI
with window size 1000 x 1000. Then, we are using the same pretrained Resnet50
to extract ready to use features. PCA is applied after the Resnet50 extractor
to decrease the dimension which decreases to 64 dimensions. To have a fixed
dimensional vector for all ROIs, we take the mean of the window features. From

now on, we call this source roi-feature.
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Second source is the graph that we have constructed from each ROI. At the
beginning there is one GAT layer with 4 heads and its input, output dimensions
are 2048 and 64 x4 respectively. Then, activation function and dropout is applied
to add non-linearity and to prevent overfitting. After that, there is another
GAT layer with one head. Its input is a 256 dimensional vector, since activation
function and dropout do not change feature dimension. Output dimension 64,
to have equal dimensional vectors from all three sources. We are using the term

graph-feature to refer to this source.

Third source that we have used in the fusion network is extracted from sub-
graphs. The way we extract is explained in Section 3.4.3. The term used for this
feature is subgraph-feature. Again, to check the effect of each source, we have

decided to have the same dimensional vector from all three sources.

We can see an illustration of the fusion network in Figure 3.1. Concatenation
of the roi-feature, graph-feature and subgraph-feature is connected to a fully con-
nected layer. Input dimension of this layer is the sum of the dimensions of the
inputs with fixed output dimension, which is 16. Then, ReLLU activation function
is applied to add non-linearity. It is followed by another fully connected layer with
output dimension 4. Finally, a softmax function is added to get the probability

vector from the output of the last fully connected layer.

Before deciding the number of layers or feature dimension of input sources,
we experimented with a more complex fusion network, such as 3 fully connected
layers at the end instead of 2 layers. Also, we experimented when input sources
have higher feature dimension. We saw that decreasing complexity and feature
dimensions give improved results on classification. Probably, it is because of
the smaller number of samples in our data set. Because of improved results, we

decided to use a simpler model and smaller feature dimensions.
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3.6.2 Embedding subgraphs into graph

The Fusion network may not exploit both subgraph and graph features together
because of simple concatenation operation. We have tried to embed the subgraph
features into graph to check if it helps to learn better. Some of the possibilities
to embed the subgraphs are adding edge features, using weights for the subgraph
nodes or changing the graph structure. We have changed the graph structure
by adding a new node for each subgraph. That new node is connected to the
subgraph nodes with undirected edges. An example of adding the new node from
the subgraph can be seen in Figure 3.5. Figure 3.5a shows a graph with subgraph
nodes and edges labeled with red color. The new node can be seen in Figure
3.5b where added node and edges are shown with blue color. The structure can
be counted as hierarchical-graph, because subgraphs represent multiple patches
and there are connections between the new nodes and patch nodes. Features of
the new node are obtained from averaging subgraph node features. There are
graphs with no frequent subgraphs found on it. For those graphs, one new node
is added. The node feature vector is the random vector with the same dimension
and there is no new edge in this case. The same random vector is used for all
graphs with no frequent subgraph. To represent the new graph structure, we are
using the term new-node-graph in the following and this chapter. To process the
new-node-graph we have used models which are different from fusion network and

the following paragraphs define those models.

First model is a simple model that is used in the fusion network and we call
this model simpleGNN. It is composed of GAT layer, ReLLU, dropout, GAT layer
and mean and softmax operation. Here, we have changed GAT layer dimensions
and number of heads. In the first GAT layer, there are 8 heads with each head
having 64 dimensional output. Output dimension of the second GAT layer is
4 and it has 8 heads. This time output of heads are not concatenated, instead
it is averaged. Number of graph convolutional layers defines which nodes can
affect node features. In our case there are two of them. That means, features
of one node can be affected by nodes within distance two where the distance is

the number of the edges between nodes. Addition of new nodes introduces paths
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(b)

Figure 3.5: Example for adding a new node from subgraph. (a) shows a sample
graph with subgraph nodes and edges labeled with red color. Added a new node
and its edges are shown in (b). New edges are with blue dashed lines and the
new node is node 8.
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between subgraph nodes with distance two. Those nodes are already connected,
but the distance may be more than two. This may help to learn better for node

features of the subgraph nodes.

New nodes represent subgraphs and they may be more informative than patch
nodes. sepLayerGNN is designed to have a separate layer for patch nodes and
new nodes. It is obtained by adding two more GAT layers to simpleGNN in
parallel. GAT layer for patch nodes update features of patch nodes by using
features of all nodes. Similarly, the GAT layer for new nodes updates features of
new nodes by using features of all nodes. Other parts of the model are exactly

that same as in simple GNN.

In most of the graphs the number of subgraphs is smaller than the number of
the nodes on that graph. The last operation is mean in previous models and the
effect of new nodes on output is less compared to patch nodes. To increase effect,
we can take the weighted sum of the node features instead of the mean. But, the
number of nodes in the graph is not the same for all graphs. By considering that,
we have decided to take the mean of the node features separately for each node
type. To do that, combineEndGNN is defined by changing simpleGNN where
the change is on mean operation. There are two mean operations instead of one.
First mean operation takes the mean of the patch node features and second mean
operation takes the mean of the new node features. Then, the sum of those mean
operation results is given to the softmax. We can see the diagram for this model
in Figure 3.6. Similarly, sepLayerCombineEndGNN is defined in the same way,
except the base model is sepLayerGNN.
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Figure 3.6: Diagram that describes the model combineEnd. The block " Add new
nodes” adds new nodes as mentioned in Section 3.6.2. The number M is equal
to the number of nodes plus number of new nodes. The main difference is, there
are separate mean operations for different types of the nodes.
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Chapter 4

Experiments and Results

Experiments, results and discussions are presented in this chapter. We use two
different magnifications at the beginning. Magnification 10X performs better
on subgraph selection results, after that we use only 10X magnification. Patch
detection parameters and why we use multiple magnifications is described in
the first section. Then, t-SNE patch visualization results are presented for both
magnifications. After that, experiments on the number of clusters and how we
chose the number of clusters for Kmeans algorithm is mentioned. It is followed
by subgraph mining and selection experiments. Then, in Section 4.5, results of
ablation study with three different sources are discussed. Additionally, embedding
frequent subgraphs into graph results are presented in the same section. Finally,

comparison of our work to another work is done in Section 4.6.

4.1 Patch and magnification

In Chapter 3, we explain the process of locating patches. There is one value used
as a threshold to convert probability maps into 0-1 values. We have used 0.75
as a threshold value in our experiments. After locating patches NMS is applied

to choose more informative patches and it requires an IOU-threshold value. For
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this value, 0.1 is used to have patches with small overlapping regions. Size of the
patches is 224x224 and it is the same for all magnifications. Having constant
patch size for different magnification values is similar to choosing different patch
sizes in one magnification. We set patch size constant, because we are using a
pretrained model that requires constant sized inputs. Data set we are using has
different magnification values. 5X and 10X magnifications are widely used in
breast histopathology tasks, so we decided to use both, 5X and 10X, at the be-
ginning. Then we choose one of them when we see there is a significant difference.
First, we plot patch features and checked if there is any difference. To do that,
we use t-SNE dimensionality reduction technique to convert patch features into

two dimensional feature.

4.2 Patch feature visualization

t-SNE is a technique to visualize high-dimensional features and was introduced
by Maaten and Hinton. This technique does not guarantee to find the best
dimensionality reduction based on its cost function [7], but it is worth checking
to see if it helps us or not. We chose this technique to visualize samples from our

data set because it is widely used to visualize high-dimensional data.

We can use ROI image and feature vector extracted from Resnet50 as an input
to t-SNE. We use the Resnet50 feature since it has less number of dimensions
and it is taken from the model which tries to learn representation from images.
Decreasing dimensionality is recommended by the library and we use PCA to
decrease dimension into 50. There are parameters used by this technique such
as learning-rate, perplexity and distance-metric. We experimented with different
parameters to find good visualization. In the Figures 4.1 and 4.2 we can see
outputs of the t-SNE for the training data set. We use at most 5000 patches for
each class. If the number of patches is smaller than 5000, all of the patches have
been used to plot. We can see that there is an imbalance because of the diagnostic
label atypia. To generate those plots we use learning-rate = 100, perplexity = 30

and squared Euclidean distance as a distance-metric. We use the Python library
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scikit-learn v0.24.2 [52] to plot the data with t-SNE. Rest of the parameters are

default parameters from the scikit-learn library.

Plots of the patches for both 5X and 10X magnifications can be seen in the
Figures 4.1 and 4.2 respectively. In both of the Figures, (a) contains patches from
benign samples, (b) contains patches from atypia samples, (c) contains patches
from in situ samples and invasive sample patches are in (d). All of the sub-figures
are divided by 5X5 regions. Inside each region, there is a number which shows
what proportion of the patches from that class label are in that region. First,
we try to find if there is clear separation between patches for different diagnostic
labels. There is no clear separation between patches from different labels. If
there is, then it means, the problem can be solved by using t-SNE dimensionality
reduction. Then, we try to choose magnification based on plots. In both of the
magnifications, nwvasive patches are clustered and located away from patches of
other class labels. But, for the other 3 diagnostic labels, it is not the same.
Because of this we have decided to continue to use both magnifications until we

see a significant difference.

4.3 Patch clustering

We are applying the Kmeans clustering algorithm after extracting features with
Resnetb0. We need to define the number of clusters, but there is no guidance
for this in this field. Entropy is one of the methods used to decide the number
of clusters alongside the elbow method and silhouette analysis [53]. Entropy is a
metric that measures how homogeneous the distribution is. The equations that
define the entropy for cluster and class are shown in Equations (4.3) and (4.4).
First, we are defining the following variables. We do not have class labels for the
patches. We use the class label of the ROI, so patches belonging to samples with
class label ¢ get the same label c. First, we define variables h., h.. and h which

is used in entropy calculation:

e h.: number of the patches assigned to cluster k where class label of those
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Figure 4.1: t-SNE plots for patches when 5X magnification is used. Patches from
benign, atypia, in situ and invasive are in (a), (b), (¢) and (d) respectively. Each
plot is divided into regions to analyze better. Inside of each region there is a
number which shows what proportion of the patches from that class label is in
that region.
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Figure 4.2: t-SNE plots for patches when 10X magnification is used. Patches
from benign, atypia, in situ and invasive are in (a), (b), (¢) and (d) respectively.
Each plot is divided into regions to analyze better. Inside of each region there is
a number which shows what proportion of the patches from that class label is in
that region.
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patches is c.
o h, = Eszl her: number of the patches with class label c.

o h) = ZCC=1 her: number of the patches with cluster label k.

Cluster entropy is calculated as

1 K
Ecluster — K thk (41)
Zk:l .k k=1
< he b
ck ck
Ek:—zhkloghk (4.2)
—1 .

which takes a weighted sum of the entropies for each cluster.

Similarly, entropy for class is calculated as

C
1
Eilass = —C Z hc.Ec (43)

2
K
E.=— Z f logth (4.4)

which takes a weighted sum of the entropies for each class. In order to combine

cluster entropy and class entropy, their weighted sum is taken as

E= 6Ecluster + (1 - 5)Eclass (45)

where € [0,1] is a weight to adjust the effect of the cluster and class entropies.

In Figure 4.3, we can see plots of the class entropy, cluster entropy and their
weighted sum. To get those entropy values, first, Kmeans is trained with the
training data set. Then the validation data set is used to calculate entropy values.
We calculate entropies when the cluster number gets values between 4 and 24.
Entropy value 0 means the distribution is perfectly homogeneous. Entropy value
increases when homogeneity is decreased. So, we need to find the number of
clusters with the smallest entropy value. FE yser gives us information about how

homogenous each cluster is in terms of the class labels. Similarly, F.q.s gives us
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Figure 4.3: Entropy plots for 5X and 10X magnifications. In both of the (a)
and (b), x-axis shows the number of clusters and y-axis shows the entropy value.
Lines blue, red, green and black show cluster entropy, class entropy, weighted
sum of entropies with 0.5 and weighted sum of entropies with 0.75 respectively.
The smallest value weighted sum with 0.75 is 5 for 5X magnification plot. It is
19 for the 10X magnification plot
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Figure 4.4: Sample patches for each cluster for 5X magnification. Each row
belongs to one cluster.

information about how class samples are distributed into clusters. There are 4
lines in the Figure 4.3. Blue and red lines are for E s and E,,ss respectively,
or it can be seen as f = 1 and 8 = 0 respectively. Green line shows entropy
when g = 0.5. Cluster entropy may be more informative than class entropy, so
we have added a line to the plot with g = 0.75. For the 5X magnification, when
the number of clusters is equal to 5, it has the smallest entropy value for the
same weighted sum as well as with 5 = 0.75. In the case of 10X magnification, 19
clusters gives us the smallest entropy for both the same weighted sum and when
£ =0.75. We use 5 clusters for 5X magnification Kmeans and 19 clusters for 10X

magnification Kmeans in all of the experiments below.

In Figure 4.4, we can see sample patches for each cluster. Each row contains
patches from one cluster. Since there are only 5 clusters, we expect to see different
kinds of patches in one cluster as well as there are similar patches in one cluster.
Similarly, patches from 10X magnification are in Figure 4.5. There are clusters
that contain specific patches like the first row from top and seventh row from
bottom. We do not expect perfect clustering, because we have used pretrained
model to extract the features. But, the clustering performs well for some of the
clusters. While choosing patches for clusters we take at most one sample from
each ROI to see if different ROIs have similar patches.

Number of the clusters for the Kmeans is mentioned above. Parameters other

than number of clusters are the same for both magnifications. As an initialization
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method k-means++ is used. Classical expectation maximization algorithm is
used as Kmeans clustering. Again, we have used scikit-learn library and other

parameters are default parameters set by that library.

4.4 Subgraph mining and selection

One of the parameters we need to define while applying the graph mining is
subgraph limitations. Here, we use the number of nodes as a limitation parameter
for subgraphs. Since there are many similar subgraphs, only tree subgraphs have
been mined. Frequency shows the number of occurrences needed to be counted
as found and it is 1 in our experiments. Graph mining continues to run until it

finds the most 1000 frequent subgraphs.

After that, subgraph selection is applied to get the most informative ones.
Results of the subgraph selection can be found in Table 4.1. While applying
subgraph selection it requires a class label which is given to the samples with
no frequent subgraphs. The columns in Table 4.1 show those labels. The last
column is for the case where a randomly chosen label is assigned to the samples
with no frequent subgraphs. The simple classification described in the Section
3.4.2 uses samples to calculate probability and we have used the validation data
set for it. The rows of the table get different magnifications, subgraph node size
and mining approaches. As described, both 5X and 10X magnifications have been
used. For the node size, the following ranges have been used {3-5, 3-7, 5-5, 5-7,
7-7}. There are two different approaches for mining. First approach uses class
labels of the samples and applies graph mining for each class samples separately.
Second approach applies graph mining for all samples without using class labels
of the samples. The best recall score is achieved when magnification is 10X,
subgraph node size is between 3 and 5 (inclusive), with no separate mining. The
best performance for the experiments with magnification 5X is 0.541. There is a
significant difference between best recall score of 10X magnification experiments
and best recall for 5X magnification, so we decided to use 10X for the rest of the

experiments. The number of selected frequent subgraphs is 32.
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Table 4.1: Subgraph mining recall scores on simple classifier mentioned in 3.4.2
with validation set. Column shows a given diagnostic label when there is no
frequent subgraph for the sample. There are recall score values for magnifications
5X and 10X, different node sizes and mining approaches.

Mag. Node size range  Supervised mining | benign  atypia in situ  invasive  Random label
5X 3-5 v 0.468 0.504 0.394 0.368 0.400
5X 3-5 0.466 0.504 0.392 0.368 0.419
5X 3-7 v 0.503 0.522 0.448 0.424 0.490
5X 3-7 0.505 0.505 0.510 0.505 0.505
5X 5-5 v 0.502 0.541 0.462 0.452 0.485
5X 5-5 0.472 0.511 0.401 0.370 0.421
5X 5-7 v 0.510 0.529 0.455 0.431 0.502
5X 5-7 0.447 0.461 0.442 0.416 0.446
5X 7-7 v 0.491 0.510 0.434 0.420 0.443
5X 7-7 0.469 0.500 0.416 0.400 0.432
10X 3-5 v 0.542 0.596 0.516 0.477 0.455
10X 3-5 0.608 0.641 0.496 0.456 0.485
10X 3-7 v 0.530 0.590 0.558 0.437 0.413
10X 3-7 0.335 0.359 0.397 0.351 0.356
10X 5-5 v 0.530 0.609 0.488 0.480 0.441
10X 5-5 0.563 0.609 0.493 0.488 0.519
10X 5-7 v 0.564 0.622 0.521 0.458 0.419
10X 5-7 0.351 0.357 0.388 0.296 0.348
10X 7-7 v 0.402 0.445 0.444 0.376 0.346
10X -7 0.558 0.566 0.442 0.404 0.430

In Figure 4.6, we can see the heat map plots for selected subgraphs. It contains
plots for training and validation sets. The value used for the heat map is the
number of frequent subgraphs on the samples. We have clipped the values greater
than 20 to make samples with less number of frequent subgraphs more visible.
There are more white regions in the training set plot than validation set plot. It is
reasonable, because training set have been used to mine the frequent subgraphs.

All selected frequent subgraphs can be found in Figure 4.7.

4.5 Combining features

Experiments and results of combining features from different sources are pre-
sented in this section. First, fusion network related parameters, results and dis-
cussions are mentioned. Then, outcomes of the models for embedding subgraph
feature into graph are presented. To measure the performance of the classifiers,

we use g-mean, precision, recall and f-measure with macro averaging. Precision
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Figure 4.6: Heat map plots of the selected frequent subgraphs for training (a) and
validation (b) sets for 10X magnification. Heat map uses the number of frequent
subgraphs on the sample as heat value. The values have been clipped if it is higher
than 20 to visualize samples with less number of frequent subgraphs better. Each
row contains a heat map plot for one sample and there is one column for each
frequent subgraph. Samples for each class are shown together and separated by
rows which contain white color. In both of the sub-figures groups are benign,
atypia, in situ and invasive from top to bottom.
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is calculated as follows. First, precision for each diagnostic label is calculated.
Then, average or unweighted mean operation is applied to get precision value for
the classifier. Similarly, for recall and f-measure, average of scores for each class
is taken as a final value. G-mean score is calculated as the geometric mean of
the recalls for each class. To do the experiments of NNs, we have used libraries
PyTorch v1.10.0 [54] and PyTorch Geometric v2.0.2 [55].

The common parameters for all of the models are as follows. Training runs
for 40 epochs where the best model is chosen based on loss. The model with
the smallest loss value on the validation set is defined as the best model. Loss
calculation is done after each epoch. We use Adam optimizer with cross entropy
loss while training the models. To group the samples into batches, we use a
number of nodes instead of a number of samples due to varying sized graphs.
Batches are built as follows. The batch takes samples until there are less than b,
nodes in the batch where b,, is a parameter. In the following sections batch size n
means the data set is distributed into batches with b,, = n. Validation set recall

scores have been used to decide hyperparameters of the experiments.

4.5.1 Fusion network

The model fusion network described in Chapter 3 is a model to have ablation
study for different sources. The sources are roi-feature, subgraph-feature and
graph-feature as described in Chapter 3. We use the same parameters to train
when the model does not use graph-feature i.e {roi-feature}, {subgraph-feature}
and {roi-feature, subgraph-feature}. The cases when graph-feature is used are
trained with another set of parameters. Some of the diagnostic classes are easier
to classify and to make the learning process better we use weight for each class
loss. They are 2, 2, 2 and 1 for benign, atypia, in situ and invasive respectively
and validation result is used to decide the weights. Parameter specific to each

group is defined as follows:

o {roi-feature}, { subgraph-feature} and {roi-feature, subgraph-feature}: These
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experiments are trained with a learning rate value 0.0004 where it is multi-

plied by 0.990 on each epoch. Batches of these experiments have 32 samples.

o {graph-feature}, {roi-feature, graph-feature}, {subgraph-feature, graph-
feature} and {roi-feature, subgraph-feature, graph-feature}: Learning rate
for these experiments is 0.0002 where multiplier for decreasing the learning
rate is 0.975. 2048 is used as batch size while training fusion network with
given input sources. Fusion network contains dropout in the part which

processes graph-feature and its probability is 0.9.

In Table 4.2, we can see scores for different metrics. Below there are discussions

for one source, two sources and three sources experiments:

e One source: The model with graph-feature performed better in terms of pre-
cision, recall and f-measure while roi-feature is the best on g-means scores.
The worst performance for the model with graph-feature is obtained on di-
agnostic class atypia. Roi-feature is better on classifying invasive samples
and samples from other 3 classes have f-measure score around 0.300. Model
trained with input source subgraph-feature performed worse than the other
two models. Class recall for benign is zero as well as in situ class recall is

close to zero.

e Two sources: There are three cases when two input sources have been
used. The best among them in all of the metrics uses subgraph-feature
and graph-feature. Input subgraph-feature performed the worst when it
is used individually, but it is better when used alongside graph-feature.
Performances of other two cases are similar where the model trained with
input pair roi-feature and graph-feature beats with small difference in all of

g-mean, precision, recall and f-measure metrics.

e Three sources: The last row in the Table 4.2 shows scores for the model
trained with all sources. The lowest value in that row is precision score for
atypia class. Recall value for the same class is 0.545. The scores for other
classes are greater than 0.6, so the model struggles to learn and classify

samples from the atypia class.
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4.5.2 Embedding subgraphs

In embedding subgraphs into the graph section, we use two input sources: the
graph we generate and new-node-graph obtained by adding a new node. The lat-
ter is introduced to see if changing graph structure has an effect. The models we
are using are simpleGNN, sepLayerGNN, combineEndGNN and sepLayerCombi-
neEndGNN which are defined in Chapter 3. Batch size for all of the models is
1024. The models trained with learning rate 0.0002 and learning rate is multi-
plied with 0.900 after each epoch. Weights used for the loss are 7, 10, 4 and 1
for benign, atypia, in situ and invasive respectively. Again, validation set results
have been used to define weights. There is dropout after the first GAT layer and
its probability is equal to 0.9.

Table 4.3 shows us g-mean, precision, recall and f-measure scores for different

models and inputs. Below there are discussions for the models:

e simpleGNN: This model trained with two different inputs, graph and new-
node-graph. Graph is an ordinary graph obtained from ROI samples with-
out any additions. We can see that there is a small increase in the aver-
aged metrics when new-node-graph input is used. For the classes benign
and invasive scores of the classifier are very similar while simpleGNN with
new-node-graph has greater values with small difference. We see that there
is a small increase when new nodes are added to the graph by using sub-
graph information, but the table shows that changing the model to process

subgraph features differently gives us a significant increase.
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e Models obtained from changing simpleGNN: To experiment if handling
new-node-graph input differently gives us an increase in performance, mod-
els sepLayerGNN, combineEnd and sepLayerCombineEndGNN are used.
We can see that there is significant increase in the classifiers which han-
dle new node features separately. The model combineEnd performed better
than sepLayerGNN in class specific scores as well as combined scores. Then,
we have experimented with sepLayerCombineEndGNN which is obtained
by mixing sepLayerGNN and sepLayerGNN models. There are slight in-
creases on combined scores when we compare sepLayerCombineEndGNN
and seplLayerGNN. But, when we compare sepLayerCombineEndGNN and
combineEND models, class specific as well as combined scores are greater

in the latter.

4.6 Comparison

In this section we are going to compare methods we have defined as well as
method used in the work [1]. First we are comparing the fusion network with
combineEndGNN trained with new-node-graph. Then, a comparison of our model

and method from [1] is presented.

Table 4.4: Confusion matrix for the fusion network when roi-feature, subgraph-
feature and graph-feature used to train.

Predicted
benign atypia in situ  invasive
benign 95 13 12 3
atypia 5} 12 3 2
Reference , "ite 11 12 50 1
1muasive 0 4 0 52
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Table 4.5: Confusion matrix for the model combineEndGNN when trained with
new-node-graph.

Predicted
benign atypia in situ  invasive
benign 87 11 14 1
atypia 5) 15 1 1
Reference " itu 4 21 43 9
muoasive ) 0 0 51

4.6.1 Fusion network vs combineEndGNN

Comparing fusion network trained with three sources and combineEndGNN may
not be fair, since the former has more input sources. But it can give us an
idea about the effect of embedding subgraphs into graph. In all of the combined
scores, the fusion network has slightly greater values as expected, since it uses a
feature that is not used in the combineEndGNN model. If we compare fusion net-
work trained with subgraph-feature and graph-feature, with the combineEndGNN
trained with new-node-graph, we can see that the latter outperforms in all of the
metrics. Both of the mentioned cases use the same features at the beginning.
So, we can say that the combineEndGNN model successfully processes subgraph
embedded graphs. If we try to see where the best models from two different ex-
periments struggled to classify, we can use confusion matrices in Tables 4.4 and
4.5. There we can see that most of the mistakes have been done when models pre-
dict the label atypia. Due to less number of samples in that class, class precision
values have huge differences to precision values of the other classes. To investigate
whether models struggle to classify atypia samples because of its nature or less
number of samples in the data set, future work can be done by collecting more

samples from that class and doing the mentioned experiments.
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4.6.2 Our work vs two stage models

The model we are comparing is taken from work [1]. They are also constructing
graphs from ROI samples where distance threshold is used for graph edges. As
a feature extractor, they use efficientnet-b0 [56] architecture and train it with
the patches by using ROI-level labels. Then, two graph convolutional layers
followed by mean and softmax operations. For the convolutional layers, they use
three different types and they are GCN, GAT and Attention-based Graph Neural
Network (AGNN) [57] and we refer to them as 2-stage-GCN, 2-stage-GAT and
2-stage-AGNN respectively. The same g-mean, precision, recall and f-measure
scores can be found in Table 4.6 for the same data set with the same training,

validation and test sets.

As we can see from Table 4.6, for the g-mean, precision and recall there are
models better than fusion network in their work. On the other hand, for the f-
measure score fusion network outperforms their models. But, the differences are
not huge for both cases. So, subgraph mining can be used as a part of the model
to classify ROI samples while having similar results to results of the models used
to classify ROI samples. As we can see from the same table, precision scores of
the class atypia is smaller than 0.250 while the 2-stage-GCN have the smallest
recall score for the same class which is 0.591. Also, their models struggle to
classify atypia samples which confirms the difficulty of classifying class atypia by

using our data set.
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Chapter 5

Conclusion

We have studied the use of subgraph mining in histopathology image classifica-
tion. Most of the works in the literature uses graph convolutional networks for
the classification tasks of this field due to its powers. We tried to use subgraph
mining output alongside the graphs to solve the classification task. We have
used the gSpan mining algorithm on our data set to find the frequent subgraphs.
First, we tried to combine features from different sources where one of the in-
put sources is frequent subgraph features. Then, we defined new models which
process a graph where frequent subgraphs have been embedded into it. We have
compared our models to the work that uses the same data set that we have used
and saw similar classifying performances. As a result we can say that, applying
subgraph mining alongside graph convolutional networks is one of the methods
that can be used to classify histopathology images. We saw that our model, as
well as models from other work, did not perform well on classifying samples from
atypia class. It could be because of a smaller number of samples for that class in
our data set. As a future work, collecting more samples for that class and doing
the experiments again can be done to learn if it is difficult to classify or struggling

to classify is related to class imbalance.
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