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Abstract

Cancer is one of the leading causes of death across the world, killing millions of people every
year. There are multiple possible treatments including surgery and chemotherapy, however, none
of them can guarantee the recovery of the patients. Moreover, while chemotherapy is a widely
used treatment method, it has a lot of toxic side effects, so finding drugs that effect only cancer
cells is in the focus of many researches. Examining the cellular processes of tumors introduces a
powerful tool for cancer research in two ways: to access the grade of cancer that can define the
method of treatment and also to measure the effectiveness of the different chemotherapy drugs.

Mitosis is the most important part of the cell cycle for these examinations, since the acceler-
ated growth and division rate of the cells is one of the main characteristics of cancer. Multipolar
mitosis is an atypical cell division into three or more daughter cells instead of two, which can
lead to genome instability and tumor-specific apoptosis. One of the goals of target-specific
chemotherapy is to induce these apoptotic events in cancer cells, so the calculation of the ratio
of the atypical and normal mitosis events makes it possible to measure the efficiency of cancer
treatments. This can be done manually by checking image sequences of cell cultures during the
treatment, however, manual mitosis detection requires a copious amount of human resources.

Our goal was to implement an automatic detection algorithm to speed up the process of
chemotherapy treatment evaluation. The provided dataset consisted of a large number of phase-
contrast microscope video sequences of cancer cells, containing only non-annotated frames. We
used a pretrained segmentation network called Cellpose and implemented a tracking algorithm
on the output. The simple tracking algorithm was able to assign a unique ID to the individual
cells and follow them across frames. Based on the segmentation and tracking we implemented a
mitosis detection algorithm using handcrafted features which can predict mitosis events with a
0.70 F1 score, but at this phase can not differentiate between normal and multipolar mitosis yet.
Furthermore, an application was developed that can help researchers examine image sequences of
cells and annotate multipolar and normal mitosis events, so we could gather enough annotation of
multipolar mitosis sequences to use as training data in the future for fully-automated multipolar

mitosis detection.
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Chapter 1

Introduction

Cancer is one of the leading causes of death across the world, after only cardiovascular diseases.
In 2020 there were more than 19 million new cancer cases, and while the survival rates are
improving, around 10 million people still die of cancer every year [1]. The International Agency
for Research on Cancer (IARC [2]) estimates that 1 out of 5 people develops some type of cancer
during their life. While sometimes surgery is a possible treatment, it is only effective when the
tumors can be localized, and they are in an accessible area. For most cases unfortunately other
treatments are needed too, and chemotherapy is a widely used method for destroying cancer
cells. However, chemotherapy drugs have a lot of toxic side effects, because they can damage
healthy, non-cancer cells as well. For this reason, molecular-based treatments are becoming
extremely valuable, to target specific molecules involved in the growth and spread of cancer
cells. In this research field, examining the cellular processes of tumors introduces a powerful tool
to measure the effectiveness of different treatments and the stage of cancer as well. One of the

most important part of the cell cycle to examine in cancer research is mitosis.

Mitosis is a form of cell division, which normally results in two daughter cells with identical
genetic information and the same number of chromosomes as the parent cell. The process can be
divided into four or five stages: prophase, (prometaphase), metaphase, anaphase, and telophase.
During prophase, the nucleus dissolves and the chromosomes begin to migrate to the midline of
the cell. The cell also goes through some visually detectable changes at this stage: increases its
brightness, shrinks its size, and becomes more globular. In metaphase, the chromosomes line up
along the center, and the centrioles are at opposite poles of the cell with the mitotic spindle fibers
extending from them, which are attached to each of the sister chromatids. Then in anaphase,
the sister chromatids are pulled apart by the mitotic spindle, one chromatid goes to one pole,
and the other chromatid to the opposite pole. Finally, during telophase a full set of chromosomes

gather together at both poles of the cell, and a membrane forms around them to create two new



nuclei. The single cell pinches in the middle to form two separate daughter cells, but they are
still attached together, and a specific form can be observed, which looks like the number “8”.
Finally, the two daughter cells are separated from each other during telophase. The visual stages

of the mitosis on phase-contrast microscopy can be seen in Figure 1.1.
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Figure 1.1: Phases of the cell cycle [3]

The number of mitotic events is an important factor in the calculation of the grade for breast
cancer in the Nottingham Grading System [4], since accelerated growth and division rate is one
of the main characteristics of cancer cells. This grade can describe the aggressiveness of a tumor,
which determines the needed treatment methods, for example after surgery it can decide whether
or not radiation or chemotherapy has to be used as well. Multipolar mitosis is an atypical cell
division, where the chromosomal material is pulled to more than two poles, and the cell is divided
into three or more daughter cells (Figure 1.2). This can lead to genome instability and tumor-
specific apoptosis. However, this is only one of the possible outcomes: sometimes the daughter

cells survive and they can later undergo further mitosis.
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Figure 1.2: Multipolar mitoses on Phase Contrast Microscopy (image sequences from our dataset)



Cancer treatment aims to promote cancer-specific apoptosis, so the effectiveness of the treat-
ment can be estimated by the number of multipolar mitosis events and the fate of the resulting
daughter cells. This task can be done manually by experts, who can count the mitosis events by
checking image sequences of cell cultures during the treatment. However, this manual mitosis
detection requires a lot of time and human resources. Through automating the detection and
counting of multipolar mitosis the chemotherapy treatment evaluation can be sped up signifi-
cantly. To achieve this goal, we planned to implement the automatic detection algorithm in two
phases. Since we decided to follow a track-based approach, the first phase includes segmentation
of the images and cell tracking. After that, the second phase is a semi-automatic mitosis detec-
tion based on visual features and the tracking results, corrected by experts using our desktop
application, which will lead to the creation of an annotated database. Finally, by using this an-
notated data, we would like to try deep-learning based methods to make the automatic detection

more reliable. The main steps can be seen on Figure 1.3.
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Figure 1.3: The planned phases of our project

In this work we review some previous researches in the field of mitosis detection and their
results, then describe the data that we were working on and the methods that we used, present
our evaluation of the results and conclude our findings. Finally, we outline some our future plans

and ideas.



Chapter 2

Related Works

2.1. Existing methods for mitosis detection

We can divide the possible methods for mitosis detection into four categories: there are tracking-
free and tracking-based methods, hybrid methods of the two approaches, and finally deep
learning-based methods [5]. Deep learning-based methods have been widely used in many topics
of computer vision in recent years. Multiple different types of architectures have been applied
to various kinds of biological tasks as well, one of these being cell event detection, and there are
also several researches about mitosis detection with the use of neural networks. However, to our
knowledge, there is no research in automatic multipolar mitosis detection. In this section we
present some of the existing methods and show some examples of previous researches for mitosis
detection, since our goal is to detect not only multipolar, but both normal and multipolar mitosis

events, we will use some similar methods.

2.1.1 Tracking-free methods

Tracking-free methods are mostly used when long-term tracking of the cells wouldn’t be possible,
for example in the case of histopathology images. In this scenario, the visual features of the
mitotic cells are really important. For example, in 2013 Irshad et al. [6] used morphological and
statistical features combined with a decision tree for classification on two Mitosis Detection in
Breast Cancer Histological Images (MITOS) datasets. The mitosis events were annotated on the
images by two senior pathologists, and the resulting ground truth consisted of 326 mitosis events
that were split into training set and testing set, containing 226 and 100 mitosis respectively. The
framework of their automatic mitosis detection can be seen on Figure 2.1. After a preprocessing
of the input images, the detection of mitosis events was implemented in two main steps: candidate

detection stage and candidate classification stage. Since their images were dyed with hematoxylin



and eosin, which results in the extracellular matrix having a pink shade, the cytoplasm is darker
pink / purple, while the nucleus is blue, first they transformed the RGB images into so called
blue ratio (BR) images [7].
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Figure 2.1: The framework of the automatic mitosis detection of Irshad et al. [6]

In the classification stage they used five morphological features that can be computed from

the segmentation mask of each candidate:

e area of the cell

e roundness

elongation

perimeter

equivalent spherical parameter

These features are all related to the fact that in the first stage of mitosis, the size of the
cell decreases and it takes up a circular shape. The statistical parameters were related to the
brightness of the cell, which also changes during the cell cycle, the mitotic form is usually brighter
than the other phases. They used the pixel intensity of selected color channels to compute first
order statistical features, for example mean, median, variance, kurtosis and skewness.

While the first stage had a detection rate of 88% and 81% for the two datasets, meaning
that the detected candidates contained 88 and 81 mitosis events from the 100-100 ground-truth
mitosis, they mostly consisted of non-mitotic events (6238 and 5720 candidates). The classifi-
cation step could successfully eliminate most of the false positive candidates, but when using

all the possible features, it also reduced the number of true positive mitosis detections. They
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improved this by selecting only the most important features, removing irrelevant and redundant

ones, and with this modification their method achieved 74% and 71% detection rate, 70% and

56% precision and 72% and 63% F-Measure on the 2 different datasets (Figure 2.1).

annotation detection TP FN FP precision recall F1

1, all features 100 72 52 48 20 0,72 0,52 0,6

1, selected features 100 106 74 26 32 0,7 0,74 0,72
2, all features 100 69 44 56 25 0,64 0,44 0,52

2, selected features 100 127 71 29 56 0,559 0,71 0,63

Table 2.1: Results of the automatic mitosis detection of Irshad et al. [6] for dataset 1 and 2

2.1.2 Tracking-based methods

If we can follow the cells for a longer period, we can get better results with tracking-based
methods. Huh et al. [8] implemented a tracking-based automatic mitosis detection method for

hematopoietic stem cell populations in 2012. Their algorithm consisted of three steps:

1. cell region detection and tracking
2. candidate detection and feature extraction

3. candidate validation

For cell detection they used a template matching method with ring filters [9], which can be
very efficient for hematopoietic stem cells since their appearance is circular and surrounded by
bright halos. The cell tracking was based on a frame-by-frame association method, calculating
the likelihood that a track is associated with a cell for each possible track and cell with a global
nearest neighbor (GNN) scheme that uses an extension of the Munkres algorithm [10].

In the second step they used cell size as an indicator of a mitosis, since daughter cells are
always smaller at the beginning than their mother cell. If the tracking found a new cell, they
checked if it is in contact with another cell (the other possible daughter cell), and calculated the
size of the possible mother and daughter cells. To be a valid candidate, the radius of the mother
cell had to be at least 10% bigger than the average radius of the daughter cells.

In the last step they validated the candidates using four Hidden Conditional Random Fields

(HCRFs) modelling cell size changes of non-mitotic cells, mother and daughter cells.
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The framework of their mitosis detection can be seen on Figure 2.2.
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Figure 2.2: Framework of the mitosis detection algorithm by Huh et al. [§]

After step 3 they achieved 97.4% precision, 96.6% recall and 97% F1 score. Their detailed
results can be seen in Table 2.2. They compared the found mitosis candidates to the ground
truth annotation based on 2 criteria: matching of spatial and temporal position. They used
a threshold of 5 pixels and 10 frames respectively, which worked well for their dataset. It can
depend on the size of the cells on the images and the speed of the mitosis events on the frames,

which can be effected by the cell type, image modality, and frame frequency.

annotation | detection | TP | FN | FP | precision | recall | F1
After step 2 117 234 114 | 3 | 120 0,49 0,97 | 0,65
After step 3 117 116 113 | 4 3 0,974 0,966 | 0,97

Table 2.2: Results of the automatic mitosis detection of Huh et al. [8]
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2.1.3 Deep-learning based methods

Among the deep-learning based methods one of the most promising is the unsupervised CNN-
LSTM network [11], which groups various spatio-temporal patterns, and clusters various cell
events, including mitosis. Some of the possible deep learning methods for object detection and
classification are Deep convolutional neural networks (DCNN) [12], which can be improved with
hierarchical DCNN [13]. 3D CNNs [14] can extract temporal features from image sequences and
thus perform better than handcrafted features. Mao et al. [15], [3] proposed an approach for
mitosis detection and stage localization, where as the first step they used a Low-Rank Matrix
Recovery model to extract mitosis candidates, and then a Hierarchical Convolutional Neural
Network (HCNN) to classify these events based on the temporal and motion features. The

framework of their HCNN can be seen on Figure 2.3 and 2.4
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Figure 2.3: Framework of the Hierarchical Convolutional Neural Network (HCNN) used by Mao
et al. [15]

They achieved a 99.1% precision and 97.2% recall, which shows the potential advantage
of deep-learning based methods compared to the previously described techniques. However, a
disadvantage of deep learning methods is that they are computationally expensive, the training

requires a lot of time and in most cases it needs annotated training data.
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Figure 2.4: The architecture of CNNs in the HCNN used by Mao et al. [15] a) first layer b)
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2.1.4 Hybrid methods

Many researches combine the advantages of the tracking-free and tracking-based methods. Our
approach is a hybrid technique as well, using a combination of tracking and visual feature ex-
traction. The goal of the research was to develop an algorithm that is capable of automatic
mitosis detection, and can assist the creation of an annotated training database through a desk-
top application, which in turn can be used for supervised neural network training. The visually
detectable features were extracted based on the advice of the biologist supervisor of the team

and the temporal information was collected using an improved pretrained segmentation model.

2.2. Existing methods for cell segmentation

Independently from mitosis detection, cell segmentation is a crucial step in image-based cellular
research. Since this will be the first step of our system as well, we checked the previous solutions

of the field. In this section we present two methods that we have considered.

2.2.1 Usiigaci

Usiigaci is an all-in-one semi-automated pipeline that aims to segment, track, and visualize

cell movement and morphological changes. It has a workflow consisting of three modules: a
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segmentation module, a tracking module, and a data processing module (Figure 2.5). The
approach was introduced in the paper [16] on stain-free phase contrast microscopy (PCM) images.
The stain-free, instance-aware segmentation is accomplished using a mask regional convolutional
neural network (Mask R-CNN). The results were compared with other techniques: in fluorescence
(FL) frames automatic thresholding, in PCM images the PHANTAST [17], Fogbank [18] and
Deepcell [19] models. The segmentation similarity achieved by Fogbank and PHANTAST is high,
but single-cell tracking with high cell density is not effective, because individual cells cannot be
distinguished [16]. The Deepcell model uses a pixel-level classification technique which leads to
poor segmentation results if the cells do not have clear boundaries [16]. Although the paper
provides accurate results in cell movement and morphological information for quantitative cell
migration analysis, the pre-trained model was overfitted to the dataset, which were used in the

training and it was not robust to adapt to the slight changes in other sequence characteristics.

Usiigaci
—_—

segmentation
tracking
data processing

Quantitative cell migration
movement & morphology change

Segmentation module

Mask R-CNN | — /mask

Automated Yy
<«——]data processing & tracked Data verification

visualization results [Tracking
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Figure 2.5: Usiigaci workflow [16]

2.2.2 Cellpose

The goal of the research was to develop a generalist, deep-learning-based segmentation algorithm
which is able to segment cell images on various types of data without retraining the model or
adjusting its parameters. The architecture accomplishes instance segmentation so it not only
detects if a pixel belongs to a cell or to the background but identifies each object. Cellpose [20]
is a U-Net-based architecture which has two main parts: the upsampling and the downsampling.
There are skip connections between layers that have the same size. Additionally, at the lowest

resolution, the image styles are computed and linked to all consecutive computations with global

15



skip connections. A representation of the image style is computed by global average pooling on
the smallest layer. Instead of predicting the segmentation masks directly, it estimates a flow-
based representation which is based on a heat-diffusion simulation. The network predicts the
horizontal and vertical flow of the input. Furthermore, a semantic segmentation mask is also
computed which tells if a pixel belongs to a cell or not. These three masks are combined into
a spatial flow field. Based on the acquired information of the objects, it can determine which
pixels converge to the same fixed point and assign these pixels to the same mask. Figure 2.6
shows how the model works.

The training data was composed of various types of images such as fluorescent cells and
brightfield microscopy. It contained images of various types of cells (neurons, muscles, plants)
and even some pictures that did not have any cells, but consisted of many repeated objects
(fruits, rocks). The presumption was that with these many diverse data the network will be able
to generalize better. The training set was composed of 547 images, while the test set had 69.
These contained more than 70000 objects. This algorithm outperformed other state-of-the-art
segmentation methods like Stardist [21], [22] and Mask-RCNN.
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Figure 2.6: Cellpose model [20]. ¢, The output of the network is a horizontal and vertical flow
and semantic segmentation mask, these are combined into the flow field. d, the structure of the
neural network, U-net architecture with skip connections. e, Result of the network, from the

flow field the masks are calculated based on the convergence of the pixels.
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2.3. Existing methods for cell tracking

There are many existing solutions for cell tracking for different purposes, mitosis detection being
one of them. For example, in 2008 CellTrack was implemented by Sacan et al. [23], Piccinini et
al. [24] introduced CellTracker in 2015, Ghannoum et al. [25] developed CellMAPtracer in 2021.

A not complete list can be seen in Table 2.3.

Name Year Authors

CellTrack 2008 Sacan et al. [23]

CellProfiler 2.0 | 2011 | Kamentsky et al. [26]

CellTracker 2016 | Piccinini et al. [24]

Lineage Mapper | 2016 | Chalfoun et al. [27]

TrackMate 2017 Tinevez et al. [28]

MMHelper 2019 Smith et al. [29]

Usiigaci 2019 Tsai et al. [16]

LIM Tracker 2022 Aragaki et al. [30]

CellMAPtracer | 2021 | Ghannoum et al. [25]

Table 2.3: Cell tracking softwares

Lineage Mapper [27] is an open-source overlap-based cell tracking system. It can be used for
time-lapse images of biological cells, colonies, and particles. Their tracking algorithmic consists

of 5 steps:

1. cost computation between cells from consecutive frames
2. cell collision detection

3. mitosis detection

4. track assignment between cells

5. tracking output creation

The framework of their system can be seen on Figure 2.7.
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Figure 2.7: Framework of the Lineage Mapper tracking software [27]

Despite of all the previously mentioned softwares, cell tracking still faces some challenges.
Gwatimba et al. described some of the possible problems of cell tracking in their publication in
2022 [31]. Since tracking is based on the aforementioned segmentation of the images, which can
be difficult in case of high density cell cultures, the accuracy of the segmentation will influence the
result of the tracking heavily. Some tracking algorithms are not fully automatic, and require some
input from the user, which can be time consuming in the case of a large dataset. Low resolution
of the images and low frame-rate can also cause problems. If the time interval between the
frames is too long, and it is a dense cell culture, some cells can change their position more than
the distance between them and the neighboring cells, which makes the tracking harder and less

reliable. In the case of low resolution, the detection of the cells is much more difficult.
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Chapter 3

Methods

3.1. Dataset

3.1.1 Phase contrast microscopy imaging

Phase contrast microscopy is a technique that uses transmitted illumination to observe colorless,
transparent, and unstained specimens that don’t absorb light. The most important advantage
is that living cells and tissues can be examined in a natural state, without staining, and it
can provide well-contrasted, high-quality images. However, mitosis detection on phase-contrast
microscopy images has numerous challenges. The visual appearance of different types of cells
can be really varied, and it also changes for the same cell during the phases of the cell cycle
as described above (Figure 1.1). In the case of dense cell cultures it can be also difficult to
distinguish the cells from each other as well, since they can be very close. For this reason we
also have to follow the temporal changes to be able to tell the difference between mitotic events

and really close or even overlapping neighboring cells (Figure 3.3).

3.1.2 Data analysis

The dataset was provided by the Pazméany Péter Catholic University (PPCU) and composed of
a total of 1367 video sequences. For this research, 580 video sequences were manually selected
by a biologist expert from the PPCU, which were blur-free, had proper focus settings, and were
captured at the right time for these measurements. The selected video sequences were captured
by a phase contrast microscope every 5 or 10 minutes with a duration of multiple (3-6) days. The
sequences contain corresponding frames with an average size of 576 + 2 x 768 + 4, so there are
only small variations regarding the size of the images. The total number of frames was 1,184,516,
and none of them contained any annotation. Figure 3.1 shows multiple different frames of various

image sequences of the available data. The red bounding boxes denote multipolar mitosis events.
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Figure 3.1: Examples of the data, multipolar mitoses highlighted

3.1.3 Data annotation

Since the given dataset did not contain any labels, we needed to annotate some of the image
sequences in order to evaluate the performance of our algorithms. First we used an online tool,
called makesense.ai [32], and later our own sequence analyser and annotating software, that we

will describe in Sections 3.5 and 4.1. The annotation process had two parts:

e Single cell annotation: We annotated the cells of 24 sequences to measure the performance
of the cell detection and cell estimation algorithms. Considering the long time of the
annotation process, we annotated only the 10 starting frames of each sequence, which
seemed to be a representative subset for the rest of the sequences. On the other hand, we
chose point annotation precisely at the center of the cells, which was completed to bounding
boxes with a default box size. The point annotations took approximately 3 minutes per
frame. The selected points were stored in .csv files containing the annotation ID, the x &
y coordinates, the image name, and the width & height of the image. Figure 3.2 shows an

annotated frame with different bounding box sizes.

e Mitosis annotation: The mitotic events were also marked by our team on ten sequences (957
frames each) using point annotation. It’s important to mention that human annotation

of mitosis events is not free from errors either. Finding all mitosis events on all frames,
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and differentiating between normal and multipolar mitosis is a difficult task even for the
experts. To measure this uncertainty, 2 different persons annotated the mitosis events on

the sequences, and we compared their annotations as part of the evaluation process.

Figure 3.2: Result of point annotation of a frame with different size bounding boxes. Red: 20x20,

Green: 40x40, Blue: 60x60, Purple: 80x80 pixels.

Understanding and analyzing the database there are several ways to solve this problem. The
naive solution is a detection frame-by-frame, which could lead to inaccurate results. As you can
observe in Figure 3.3, in absence of temporal information there is less chance to make accurate
decisions about detection. In order to get precise results about the ratio of mitotic events the
most important aspect is to analyze the temporal characteristics of the cell events, which will be

introduced in our approach in Section 3.4.

21



F
\‘_
4
(a) (b)

Figure 3.3: Difference between mitotic event and neighbor cells a) Triple mitosis b) 3 neighbor

cells

3.2. Cell segmentation

We tested several pre-trained Usiigaci models for our input data with different configurations, like
resolution alignment, contrast limited adaptive histogram equalization, brightness, illumination,
and contrast adjustment the results were still inconsiderable. As you can see in Figure 3.4,
the model gives accurate results on the dataset which was used in the publication, however, it

performed on our data unacceptable segmentation.

Input

iy

Figure 3.4: The input and output of the Usiigaci network for our data and on the data the

network was originally trained.
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Then we decided to use the Cellpose network (described in Section 2) instead, that worked
well for our data. Figure 3.5 shows the result of the Cellpose network for some images, plotted

on the input image.
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Figure 3.5: Result of Cellpose on 5 successive frames: there is no tracking, only segmentation.

3.3. Cell tracking

We improved the results of the Cellpose segmentation by connecting the segmentation results
across frames. The fact that pre-trained parameters are available for the Cellpose network and
the main idea behind it is the generalization, that makes this model ideal for our problem. The
disadvantage of the method was that it is a segmentation network developed to work on images,
not on videos or image sequences. This means that every image input is evaluated individually,
and there is no connection between the subsequent frames.

To overcome this problem a fundamental tracking algorithm was implemented on the output
of the Cellpose. The segmentation provided a mask for every input with the same size as the
original image. Zeros defined the background while the different cells were determined by different
numbers. With this information about the objects, a bounding box was assigned for all of the
predicted cells.

Cells below a certain size were removed as it is most probably noise. We calculated an
adaptive threshold for this so it can be as robust for the various image sequences as possible.
To track cells across frames we searched for possible matches on consecutive frames. The cells
with the highest IoU (Intersection over Union) value were assigned the same ID. Cells without a
match were added later with a new ID. Figure 3.6 shows the result of the tracking algorithm on

some frames.
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Figure 3.6: Result of Tracking on 5 successive frames. The red arrow points to multipolar mitosis.
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If the segmentation could not find a cell in one frame but it could in previous and following
images then the tracking also failed and the cell was assigned a new ID. This was not a rare
occurrence as the segmentation was not perfect. To overcome this obstacle, as the next step a time
parameter was implemented. Hereby it is possible to set that on how many consecutive frames
we tolerate missing detections. Also, if a cell was detected for fewer subsequent frames than this
time parameter, it was removed as noise. Figure 3.7 shows a comparison of the segmentation

and the instance aware detection for a part of three consequent frames.

Figure 3.7: Difference between a) segmentation and b) instance aware tracking with missing

detection correction

We can calculate much biologically relevant information from the tracking, such as the number
of cells in a sequence, their average migration, the distance they traveled, and the average speed
of the cells. These can be used by biologists as a baseline for the comparison of cell cultures.

Long-term cell tracking is also a useful and powerful tool for examining a cell culture.

3.4. Mitosis detection

The mitotic activity index is a key prognostic measure in tumor grading [33]. In the case of
normal mitosis, the cell divides into two, and in the case of multipolar mitosis events into three
or more cells. Calculating the ratio of the mitotic events in the video sequences helps biologists
to evaluate cancer treatments. The problem of mitosis detection is classified into 3 levels [34]:
Firstly the classification of mitotic images, which aims to mark the frames in a sequence, where
the mitotic event occurs. The second level is a spatial and temporal localization of the events in
the microscopy images. The third level is the segmentation of the events into temporal stages,
which is irrelevant in our study, considering the low resolution of the images, without any inside
information about the cells. However, the cell cycle could be analyzed, as the cell grows in the
interphase, executing the mitosis by the prophase, metaphase, and anaphase, which terminates
with the cell division at the telophase, when the daughter cells form and start to separate. The
cell cycle can be seen in Figure 1.1 described in Section 1.

Our approach is focusing on mitosis detection based on handcrafted features. The extrac-
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tions were executed along the biological characteristics of the mitotic event. Each instance was

examined and filtered out due to the followings properties:

1. Filter out noise: The algorithm aims to filter out capturing noise but keeping the cells
that are small enough, considering that the size of the cell decreases at the start of mitosis.
The parameter which determines the threshold value is the minimum segmentation size in

pixels.

2. Filtering out non-circular cells: After the cells start the mitosis it becomes more circular.
The circularity was measured on the Cellpose segmentation result and filtered out according
to the minimum circularity parameter on each instance. The cells which are not rounded
enough were removed from the candidates, in order to find the cells with the optimal

characteristics. The circularity was calculated as you can see in Equation 3.1:

_4-7r-A

C 2

(3.1)
where A is the area, and P is the perimeter of the blob.

3. Filter out non-bright cells: As mitosis starts, the brightness of the cells increases. The
mean brightness value was calculated for the cells for each frame from the intensity values
of the original image covered by a segmentation mask. The minimum brightness parameter

filter out the darker cells.

4. Connecting mitoses instances: Since the cells are using their mitotic spindles for the
division which is also used for migration, hence they can not move at the same time. In
order to connect the mitoses detection candidates on the frames, belonging to the same
instance, an IoU threshold was set to check the region overlap ratio and a search range to

check overlapping in time.

5. Filtering out the moving cells: The algorithm examines the same region looking for
daughter cells, where the mitosis occurs along a patience parameter (the number of frames

after mitosis) and an IoU threshold between the region and the daughter cells.

6. Filtering along the number of daughter cells: Since mitosis is a cell division, if the cell

is separating into at least 2 daughters, we consider it as mitosis.

Our approach is taking into consideration on one hand the appearance of the cells at the
beginning of the mitosis (Properties 1, 2, 3) on the other hand the temporal information came
from the tracking results (Properties 5, 6) after the formation of the daughter cells. Since these

parameter groups are independent, the best parameters were calculated by a genetic algorithm,
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—— Min_circularity

Index: 11 Circularity: 0.94

100
200
300

: \

500

00

001 2 3 4 5 & 7 B 9 W01 1213MI5 I N AR

®
wom w0 (b) Circularity histogram for one sample

(a) Circularity of Cell;; =0.94 frame

Figure 3.8: Minimum circularity filtering

using population size = 50, mutation probability = 0.1, elit ratio = 0.0, crossover probability =
0.5, parents portion = 0.3, crossover type: uniform. The algorithm stops the training after 14
iterations (due to early stopping), providing the following optimal values: minimum segmentation
size = 500 pixels, minimum circularity = 0.6, and minimum brightness value = 0.6. The optimal
value for the search range is 80 due to the presence of the mitosis takes usually many frames,
where the IoU threshold was set to be higher than 0 allowing only small spatial drifts. You
can observe the result of the minimum circularity filtering in Figure 3.8, and an example image
(Figure 3.9) about the final filtering output displaying the radius around the center of gravity
points of the mitosis candidates.

The optimal parameters for the properties 5, 6 were set after a grid search using the best
values of the validation resulting in the following optimal parameters: maximum patience value

= 100 frames, IoU threshold > 0.

26



Number of cells: 3

Figure 3.9: Brightness filtering. TP: Cellg, Cell;;, FP: Celly

3.5. Desktop application

In order to make the algorithms easy to use and to help the researchers in manual annotation and
visualization of the results, or comparing different mitosis lists (between two manual annotation,
or an annotation and the mitosis detection algorithm), we created a semi-automated sequence
analyser desktop application in Python. For the graphical user interface, we chose PyQt, which is
the most popular Python library for using the C++-based, platform-independent Qt framework.
Apart from the benefits in diagnosis, the software stores the detection result (corrected by the
user if needed) in a frame sequence as well, which is demonstrated in Figure 3.10. This way the
application can help to create an annotated database that could be used for applying supervised

algorithms on the data. It can also be used to visually check the results of the algorithms.

(b) Normal mitosis

Figure 3.10: Samples of a 60 frames long sequence from the future training data
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3.6. Metrics

3.6.1 Region overlap

The region overlap (or intersection over union) metric was used for multiple tasks such as for
implementing the tracking (Section 3.3) and evaluating the accuracy of the segmentation (Section
4.2). The region overlap [35] is often used as a metric in object tracking. It is computed as the
fraction of the intersection and the overlap of the estimation and the ground truth (Equation

3.2).
RSN RT

® (AG>AT) = {¢t}i\;1 Ot = RCURT (3.2)
t t

The value is between 0 and 1 with the former meaning that there is no overlap and the latter

occurring when the two objects are identical (Figure 3.11).
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Figure 3.11: Examples of the region overlap for bounding boxes.

3.6.2 Recall. Precision, F1 score

To evaluate the detection algorithm’s performance, we used a commonly used metric, the confu-
sion matrix. We calculated the true positive, false positive and false negative mitosis events. The
number of true positives means the mitotic candidates that are correctly identified as positive
(mitotic). False positives represent the nonmitotic candidates that are incorrectly classified as
positive (mitotic) and false negatives show the mitotic candidates that are incorrectly classified
as negative (nonmitotic) [34]. As can be seen on Figure 3.12, the confusion matrix have a forth
element, false negative. However in our case, all the background could be considered true nega-
tive, which is hard to quantify. For this reason, we didn’t calculate the accuracy of the results,

only recall, precision and F1-score.
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Figure 3.12: Confusion matrix [36]

Recall [37] measures how well we can find all the ground truth elements (Equation 3.3).

TP
R=Tp i FN (3.3)
Precision [37] measures how accurate are the detections (Equation 3.4), as:
TP
p— A4
TP+ FP (34)

F1 score [37] is defined as the harmonic mean between precision and recall (Equation 3.5),

precision - recall

1

(3.5)

precision + recall
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Chapter 4

Results

4.1. Semi-automated sequence analyser tool

The main window is divided into three parts, as can be seen in Figure 4.1. The center region
contains the images as a video sequence with the corresponding control buttons after selecting
the folder to be analyzed. The left side is about displaying some information about the images
and the analysis, and also has some display settings that can be changed dynamically during
run-time. Finally the right side shows the history of the found mitosis events, where they can be

accepted as either normal or multipolar mitosis, or be declined, and at the bottom of the panel

has a button to generate the report after the analysis is done.

S° Cell Analyser

File Help Settings

o,

X e
—

W Video info

Sequence name: activin_test
Number of frames: 40
Image frequency: 1

Image type: phase-contrast

¥ Analysis info

Date of the analysis: 2022.12.12
Analyser: Analyser 1

Analysis duration: 6 minutes

W Display settings

Image analysis
Cell bounding boxes
Cell bounding box ids
Mitosis candidates
Tracking lines

History
Declined mitosis
Accepted normal mitosis

Accepted multipolar mitosis

| cument rame:[«__5]/40 RS Video speed:[2 =] fps

=1| | video history

@ History 1:

Normal mitosis on frame 4 at coordinates:
[308, 418, 338, 453]

Accept or dedine to continue!

T [vutpolar ] [ Decine |

@ History 2:

Mitosis found on frame 0 at coordinates:
[729, 357, 757, 384]

Accept or decline to continuet

@ History 3:

Mitosis found on frame 13 at coordinates:
[178, 6, 280, 80]

Accept or decline to continue!

it

& History 4:

Mitosis found on frame 22 at caordinates:
[0, 463, 22, 502]

Generate report

Figure 4.1: Semi-automated sequence analyser tool implemented in PyQt

We can load the image sequence to the application with the File menu / Open action. In
the resulting file dialog (Figure 4.2) we can set some parameters like the image frequency, image

type, and the cell size threshold for the segmentation. This can also be set to use an automatic
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threshold. When the folder is selected and the parameters are set, the application will load the
first image to the center region, fill in the information in the left panel, and start the segmentation,
tracking and mitosis detection algorithm in the background. After the algorithm is done with

the calculations, the mitosis history will be loaded to the right panel.

%® Upload sequence X

Select folder: |C:,-’UserstretafDocuments,’GitHuh,-‘trdpmitosis,’activin_test |

Image frequency (minutes): |1

Image type: phase-contrast ~

Adaptive threshold:

Segmentation size (pixels):

0 100 200 300 400 300 600 700 800 00 1000

Run selected algorithms:
Segmentation
Tracking
Mitosis detection

Figure 4.2: Selection of the video sequence and parameter settings

The user can categorize the mitosis events, and add new ones in case they were missed by
the algorithm, using the first button of the toolbar. It’s also possible to zoom in and out of
the images, or change whether the bounding boxes and ids of the cell segmentation, the mitosis
candidates, or the tracking lines of the cells are shown on the images or not, making it easier
to concentrate on the most important information. When checking the results of the mitosis
detection, sometimes it is useful to be able to visually verify the position of the mitosis on the
image, this can be helped by showing a grid on the image. We show the mitosis events by circles
to visually separate them from the bounding boxes if both are shown at the same time. At
first we highlighted the mitosis events only on the frame where based on our calculations the
mitosis is the most detectable. However, mitosis is a longer process, often lasting for at least
10-20 frames from the formation of the bright, round cell form to the appearance of the resulting
daughter cells. To help the user follow the process more, a frame window can be set around the
detected frames where a bigger circle shows the area of interest. In case of comparing two lists
of mitosis events, for example the manual annotation (ground truth) and the algorithm results,

the two sets can be visualized with a different color as shown on Figure 4.3.
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Figure 4.3: Comparing manual annotation (blue) with a mitosis detection result (red) in the

analyser tool

The display settings of the mitosis events, and also the grid can be changed in the settings

(Figure 4.4). We are planning to implement more changeable options based on the user feedback

later.

¥ Settings >
Mitosis:

Mitosis window: 5 %
Mitosis circle width: 8 %
Mitosis circle width (neighbor frames): |2 %
Grid step: 100 2]
Grid color:

OK Cancel

Figure 4.4: Display settings of the sequence analyser tool

In addition to several csv files saved during the segmentation, tracking and detection that
can be analyzed separately, a Pdf report can be generated as well. The generated report includes
all information about the image sequence, either given by the user at the opening of the sequence
(like the image type) or calculated by the program (for example the number of frames, or the

duration of the analysis). It also contains the main results of the segmentation and the tracking:
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the number of cells in the sequence, the average cell speed, and the average migration of the
cells. After that, it describes the mitotic events by the number of normal, multipolar and
declined mitosis, and finally includes the mitosis history with the frame index and coordinates
of the mitosis events.

The software can also calculate the precision, recall and Fl-score of a mitosis detection
result (or two annotations) with a built-in mitosis comparison tool. To match the mitosis events
between the two lists, we used the same method as the work of Huh et al. [8], described in Section
2.1. A detected mitosis event is matched with a ground-truth mitosis if they are close enough
both spatially and in time. The user can set the pixel and frame thresholds in the application

(Figure 4.5).

® Mitosis comparison el
Select mitosis file 1: |aktivin13_ann0tated_G.csv |
Select mitosis file 2: |aktivin13_program_?9.csv |
Pixel threshold: |30 = |

Frame threshold (backward): |1D

Ak

Frame threshold (forward): |SD

Ar

Calculate |

Annotated: 64
Automatic: 79
True positive: 52
False negative: 12

False positive: 27

Frecision: 0.6582278481012658
Recall: 0.8125
F1 score: 0.7272727272727273

Figure 4.5: Mitosis comparison tool

4.2. Cell tracking results

Our research goal for the first phase was to achieve instance-aware cell tracking results. There are
multiple techniques to solve this computer vision problem as it was introduced with PHANTAST
[17], Fogbank [18] and Deepcell [19] in Section 2, but these methods all use annotated data. The
best performance results were provided by the Usiigaci [16] paper, which was the only available
pre-trained model for our research. As we tried this model after several preprocessing methods,
our conclusion was that the model is overfitted to the training dataset, and it was not robust to
our data. Our approach is based on the Cellpose [20] segmentation pre-trained model improved

by tracking (Section 3.3) to reach instance-aware cell segmentation. We used this method for
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evaluation with the following parameters:
e [oU threshold to matching cells between frames: 0.2
e IoU threshold to avoid multiple detections: 0.7
e time patience for tracking: 3 frames
e minimum area of bounding box: adaptive method

The results were evaluated on a subset of 24 sequences annotated by our team with point anno-
tation as it was described in Section 3.1.2 and we used the detailed metrics in Section 3.6. We
evaluated the sequences with 40x40 bounding box size around the ground truth point annota-
tion, and minimum 0.2 IoU for matching the ground truth with the detection results. With a
lower threshold, the results were better but a significant overlap is necessary. The results were
calculated for each frame in the sequences and gives averaged results for the sequences for recall,
precision, and F1 score (displayed in Figure 4.6). We calculated these metrics for the tracking

and the detection, so for the bounding boxes around the segmentation results without connecting

them in time.

F1 score for frames

B Detection
|/ Tracking

F1 score

12345678 9101112131415161718192021222324
Sequence

Figure 4.6: Tracking and detection F1 score results

The results can be found in Table 4.1. As the numeric results show the tracking shows a big
improvement compared to the detection for all three of the analyzed metrics. With the tracking

algorithm, we could successfully connect the cells in time, and follow them for multiple frames.
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It solves multiple shortcomings of the detection, such as if a cell was not detected on a frame,
but it was detected on the previous and the later ones, it will be added on the middle frames.
Furthermore, as it was mentioned short detections were deleted. Another filtering was done by
removing cells below a certain size in an adaptive manner, so the threshold for noise filtering

depends on the sequence.

Detection features | Detection | Tracking

Precision 0.6089 0.7387
Recall 0.7066 0.7198
F1 score 0.6502 0.7247

Table 4.1: Tracking and Detection evaluation

4.3. Mitosis detection results

The results of the automatic mitosis detection are shown in Table 4.2. For the mitosis event
matching described earlier, we have set a threshold of 30 pixel, 10 backward and 50 forward
frames. The reason for the rather high forward frame threshold is that we have seen that
sometimes mitosis could last around 40-50 frames, and our algorithm detects the start of the
mitosis, while the annotation usually marks the "8" form. Regarding the pixel threshold most of
the mitosis events were also found even with lower threshold, however, after manually checking
some false positives we noticed that the detection was correct, but the positioning of either the
annotation or the detection was not precise enough for the matching with lower threshold. We
are planning to improve that and evaluate our results again with lower thresholds. With these
parameters we found that our algorithm have an average recall of 0.75, which means that it can
correctly detect 75% of the ground-truth mitosis events. False negative events can be an effect
of the mitosis happening too close to the border of the image, when one of the daughter cells
can even leave the field of view in the subsequent frames, or when the mitosis process is faster
than usual, and the cell doesn’t take up the real circular form completely. The precision was
lower since there were some false positive events. We were able to filter out some of them by
adding more conditions to the mitosis detection, for example we removed too long mitosis events
(more than 450 frames), because these are not biologically probable. Most of them were caused
by illumination differences, the top region of the frames is brighter than the rest, and we have
seen a lot of false detections in that area. The false positives that we were not able to remove

were either caused by background noises, or they were selected correctly based on our definition
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of mitosis (the round, bright cell phase), but in some cases this cell form was not followed by
cell division, the cell either died, changed back to its moving form, or the sequence ended before
the mitosis might have happened. As we mentioned before, in manual annotation the labeling
happens on the frame where the cell has already divided and reached the "8" shaped form, and
the annotating expert can say that the mitosis has clearly happened. Due to this the automatic
detection usually labels the same mitosis events on earlier frames. In most cases, this means
only a couple of frames, since cell division usually lasts for about an hour (12 frames), and our
matching algorithm can handle this, so we still consider the mitosis candidate as true positive.
However in some cases of slow mitosis, the 2 phases can happen from 40-50 frames from each
other (3-4 hours), which can lead to false positives and false negatives as well. We would like
to emphasize that although our algorithm has to be improved to give better results and be able
to support fully automated mitosis detection, it could find some mitosis events missed by the
annotators (and validated later as real mitosis events when checking the false positives), who
were also not be able to annotate the sequences with the same results compared to each other,

which means that the automatic detection can still be a very helpful tool in assisting manual

annotation.

annotation program TP FN FP precision recall F1

aktivin 13 64 79 52 12 27 0.66 0.81 0.73
aktivin 14 64 70 51 13 19 0.73 0.8 0.76
aktivin 15 79 91 56 23 35 0.62 0.71  0.66
aktivin 16 72 76 55 17 21 0.82 0.58  0.68
aktivin 17 74 83 49 25 34 0.59 0.66  0.62
aktivin 18 62 64 45 17 19 0.7 0.73 0.71
aktivin 19 72 79 53 19 26 0.67 0.74  0.70
aktivin 20 84 102 65 19 37 0.64 0.77  0.70
aktivin 21 70 95 60 10 35 0.63 0.86  0.73
aktivin 22 79 86 54 25 32 0.63 0.68  0.65
Average 0.66 0.75 0.70

Table 4.2: Evaluation results of the mitosis detection for 10 different image sequences and their

average
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4.4. Conclusions

We would like to dedicate this section to emphasize the limitations and difficulties of this research,
but also highlight the achievements. We faced the biggest obstacle at the very beginning of this
project, because we did not have annotated data. Although the amount and the quality of the
images were sufficient, annotating mitotic events without an efficient tool that can help in the
process would take a lot of time, so our team could not annotate enough data for a sufficient
training set, only for the evaluation of the developed algorithms. During the research, we tried to
select the most promising methods: since the only pre-trained model we found (Usiigaci phase-
contrast microscopic cell tracking model) was overfitted to the training data, we chose a semantic
segmentation (Cellpose) and improved it with a tracking implementation.

Despite our team has the expertise to annotate cells on the image sequences, as the compari-
son between two annotators showed we do not have the ability to perfectly annotate every normal
and multipolar mitotic event, so we can expect some uncertainty even for the ground-truth.

The current semi-automated method has some false positive and false negative mitotic events,
however, it localizes accurately in space and time around 75% of the ground-truth mitosis candi-
dates using tracking information and visual features. Improving the segmentation and tracking
results could aid the semi-automated application by providing confident suggestions for the type
of mitotic events as well. The developed application proved to be a useful tool in annotating

sequences and evaluating detection results both qualitatively and quantitatively.

4.5. Future plans

This research aims to detect atypical cell events in order to measure the effectiveness of different
chemotherapy treatments. Detecting multipolar mitoses manually is a hard and time-consuming
task, not even mentioning the possibility, that the manual analysis of these sequences leads to
less accurate results due to human mistakes and the interpolation or estimation from a subset
to the whole sequence. The long-term goal of this research is to create a tool, which takes over
the monotonous analysis processes from the biologists and provides an evaluation of the given
treatments. As discussed in Section 4.4 using the presented algorithms a unique training dataset
can be created for mitosis detection, composed of cell events across frames, which could be used
for training a 3D CNN model proposed by our supervisor. This model would be designed for
detecting cell events, such as multipolar mitosis and normal mitosis in phase-contrast microscopy

image sequences, speeding up the chemotherapy treatments.
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Chapter 5

Summary

Since cancer is one of the leading causes of death across the world, chemotherapy treatments are
in the focus of many researches. The stage of the cancer and the effectiveness of the treatment
can both be evaluated by examining the cellular processes of tumors, especially normal and mul-
tipolar mitosis events. Mitosis is the most important part of the cell cycle for these evaluations,
since cancer cells have accelerated growth and division rate. Multipolar mitosis is an atypical
form of cell division when the mother cell is divided into three or more daughter cells instead
of two, which can lead to genome instability and tumor-specific apoptosis. One of the main
goals of target-specific chemotherapy is to induce these apoptotic events in cancer cells, which
made the calculation of the ratio of the atypical and normal mitosis events a powerful tool to
measure the efficiency of cancer treatments. This calculation can be done manually by checking
image sequences of cell cultures before, during, and after the treatment, however, manual mitosis
detection requires a lot of time.

In the first phase of our work, we detected the cells on the provided image sequences with the
help of a segmentation algorithm, and then implemented a tracking algorithm to track the spatial
and temporal movement and changes of the cells. In the second phase, we developed a desktop
application in Python using PyQt, which takes the selected series of images and performs the
segmentation and tracking algorithms on them, and also contains a third algorithm suitable for
mitosis detection. Its automatic detection can be corrected with manual annotations, for which
the program offers an easy-to-use interface for the users. Our future plan is to create a training
database that can be suitable in the third phase of our research to be used for training neural

networks and improve the results of our automatic mitosis detection.
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