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Introduction

Autoimmune diseases are a family of more than 80reb, and often disabling,
illnesses that develop when underlying defecth@itmmune system lead the body to
attack its own organs, tissues, and cells.

Diagnosing autoimmune diseases can be particuldifiycult because these
disorders can affect any organ or tissue in theypaasd produce highly diverse
clinical manifestations, depending on the siteudbammune attack. Moreover, disease
symptoms are often not apparent until the diseaseréached a relatively advanced
stage.

Laboratory’s technigues able to point out and camfdiagnosis of autoimmune
pathologies are based on research and identificafi@utoantibodies, revealed by the
presence of specific antigen- antibody complexeattidularly, identification of
antinuclear antibodies (ANA) through indirect imnefinorescence (lIF) method is an
important part of clinical medicine and clinical nrminology. The classification is
based on fluorescence intensity and pattern retogniAlthough the IIF techniques
have increased progressively since immunofluoreseéechniques were first used to
demonstrate antinuclear antibodies in 1957, theeestll various disadvantages in
these techniques, among them the lack of an auimmatcedures which could make
easier, faster and more reliable the tests exetatid lower costs.

These observation suggested to develop an automadtbd to support the IIF
diagnosis, expecting advantages also in the remuati false negative and false

positive results.



Developing an automated procedure for diagnosisawfoimmune diseases,
generally authors focus their attention on celldeckon, fluorescence intensity
determination or staining pattern classificationnc® the presence of antibodies
against antigens in different location determinigigbnt patterns of fluorescence, we
chosen to deal with the IIF pattern recognitionshese different patterns correspond to
different diseases, so it is really important todide to distinguish among different
pattern. In the literature, the principal stainipgtterns are classified into one of the
following groups:

» homogeneous: diffuse staining of the interphasdenwand staining of the

chromatin of mitotic cells;

= speckled: a fine or coarse granular nuclear stgirmh the interphase cell

nuclei;

* nucleolar: large coarse speckled staining withia tlucleus, less than six in

number per cell;

= cytoplasmic: fine fluorescent fibres running thendth of the cell; it is

frequently associated with other autoantibodiegive a mixed pattern;

= centromere: several discrete speckles distribubedughout the interphase

nuclei and characteristically found in the condenseclear chromatin during

mitosis as a bar of closely associated speckles.

Among this pattern, the centromere pattern has loedn partially investigated
because, according to the literature, it does howswell-defined cell edges and the
high variability of fluorescence intensity insideetcentromere cells makes a difficult
task the application of segmentation proceduresteNieless, it is known that a
centromere cell contains small bright dots insideeakly fluorescent nucleus, so an
expertise may recognize a centromere pattern by oplinting the fluorescent
centromeres.

For these reasons, since a CAD systems shoulddegedhe human eye response,
we propose here a method to automatically clagkgycentromere pattern based on

the grouping of centromeres present on the celtsigh a clustering algorithm.



In this respect, the first chapter is dedicatedthe description of automatic
systems for supporting in early diagnosis, to tlmscdption of the autoimmune
diseases and to the state of the art regardingétleod of classifications.

In the second chapter it is described the projetDAA. inside which this thesis is
inserted and the database used to test the algotitie characteristics of the algorithm
are described too, with a paragraph dedicatedustering algorithm. In the second
chapter there is also a paragraph dedicated tadhkeription of the figures of merit
used to verify the properties of the algorithm amdoaragraph dedicated to the
description of a public database also used fomig$he proposed method.

The third chapter is dedicated to the descriptidntlee various phases of
developing of the algorithm and to the presentadiod discussion of the experimental

results.






Chapter 1

1.1 The expert systems

Studies indicate that, in medical imaging, the obutjists often do not detect all
abnormalities on images that are visible on regospe review, and they do not
always correctly characterize abnormalities thatfaund.

Techniques developed in computer vision and autednpattern recognition can
be applied to assist radiologists in reading imatiess computer manipulates a digital
image bringing the suspicious regions to the atiantf radiologists. So, radiologists
can use the computer as a second opinion, or amtepto suspicious regions. This
may increase the accuracy of screening progranasit amay avoid the need of double
reading [1].

Although early attempts at computerized analysisietlical images were made in
the 1960s, serious and systematic investigationComputer — Aided Device or
Computer- Aided Detection (CAD) systems began m 1880s with a fundamental
change in the concept for utilization of the congpututput, from automated computer
diagnosis to computer-aided diagnosis.

A CAD system allows to reduce the noise in the ieag improve the contrast
among a region of interest (ROI) and background @mcextract and select the
characteristics of the ROI and progress to a conkassification. To determine if an
area on an image looks suspicious, a CAD systendasivthe problem into various

components [2]: a general scheme of a CAD systenshmwn in Figure 1.1.



Chapter 1 1.1 The expert systems

Input image T—)> [ Preprocessing J = [ Segmentation | =) [ Feature extraction } —> Disease detection ——p Output
& classification
subsampling, thresholding, morphometrics,

smoothing, edge detection, color, supervised classification,
denoising, active contours, spectral, similarity function
enhancement, ... labeling, clustering, ...  texture, ...

Figure 1.1: Example of CAD system

The goal ofpreprocessing is removing differences between data from differen
sources or obtained with different protocols. Sesmhimages need to be calibrated,
data may have to be resampled to a fixed resoluaod many techniques can be
applied to enhance the image F2][6]. Removing blurring and noise, increasing
contrast, and revealing details are examples ofamc#gment operations. The
enhancement techniques differ from one field totla@oaccording to their objective.
The existing techniques of image enhancement carlassified into two categories:
Spatial Domain and Frequency Domain enhancement. In Spatial Domain techniques,
like the logarithmic transforms, power law transhsr histogram equalization, pixel
values are manipulated to achieve desired enhamtente Frequency Domain
methods, the Fourier Transform of the image id ieamputed. All the enhancement
operations are performed on the Fourier transforriih® image and then the Inverse
Fourier transform is performed to get the resulianatige [7]-[9].

The second step of a CAD systenseggmentation, i.e. the division of an image |
in § not-overlapped regions, each of them being homegemand uniform compared
to some features. An incomplete segmentation cakem@AD systems lost
information in the unsegmented areas. Segmentafioontrivial images is one of the
most difficult tasks in image processing and sedgatem accuracy determines the
eventual success or failure of the overall comjzedranalysis procedures [2].

Segmentation techniques developed during this yaegsnumerous and very
different among them. Basically, the segmentatisndivided in two categories:
region-based segmentation andedge-based segmentation [10]-[13].

The region-based techniques produce coherent ghlh pixels in a coherent
region are supposed similar with respect to sonagaciteristic or computed property,
such as colour, intensity, or texture. Adjacentiorg are supposed significantly

different with respect to the same characterisics.grey-level images, the most basic
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attribute used is the luminance amplitude (greellevso it is possible to separate
luminous regions from background performing a thoéding operation. In this way,
any pixel (x, y) is selected as a part of foregobints intensity is higher than or equal
to a threshold value, i.e. f(x, ¥, else pixels points to background.

The problems in thresholding are the correct dateation of a threshold (usually,
a method used to select T is by observing histografrparticular image considered
for segmentation) and that pixels with analogoey devel may not be adjacent.

Another region-based method is region growing [$dppose that we start with a
single pixelp and we wish to expand from that seed pixel toafiloherent region. We
can define a similarity measurel 3] such that it produces a high result if pixetsnd
| are similar and a low one otherwise. First, comsal pixelqg adjacent to the pixed.
We can add pixej to pixelp’s region if Sp, q) > T for some threshold T. We can then
proceed to the other neighbourspodind do likewise. Suppose thapsf) > T and we
added pixelg to pixelp’'s region. We can now similarly consider the neigints ofq
and add them likewise if they are similar enough.

The edge-based segmentation techniques are baseskawohing pixels that
constitute the contour of the objects, individuadizn correspondence of discontinuity
in grey level; pixels of contour are joined to foanclosed line delimiting a region.
Pixels not included will be considered belongindpézkground.

Other segmentation techniques use fractal model§ H [17], or wavelet
transforms [18], [19].

After the segmentation, a number of regions ofrede(ROI) are identified that
merit further attention by radiologists. For ev&@lI it is possible to define a set of
characteristics, called features, used to clagisd@yegions.

The features extraction is a crucial step in a CAD system because now &4zh
is represented by a vector, a row of numbers, onedch feature. The feature vector
can be represented geometrically by a point iratufe space. This feature space has a
dimension that is identical to the number of feasui2]

Features are extracted from the first-order greglldistogram, defined as the
distribution of the probability of occurrence ofjeey-level in the image, and from the

second-order histogram, ¥(y:, d), which represents the distribution of probabibfy

7



Chapter 1 1.1 The expert systems

occurrence of a pair of grey level values separbied given displacement vectdr
[3], [4].
If P(b) is the probability of occurrence of a certainygtevel b, it is possible to

define the following list of features:

Mean 2. bP(b)
b=0
L-1 B
Standard Deviation \/b;) (b—b)*P(b)
L-1
(b—b)*P(b)
Skewness b=0
03
L-1
(b—b)*P(b)
Kurtosis b=0
0_4
L-1
Energy 2. P(b)?
b=0
L-1
Entropy — 2., P(b)log,P(b)
b=0

If P(a, b) is the joint probability of occurrence of a pixalnear a pixeb it is

possible to define the following list of features:

L-1L-1
Autocorrelation abP (a,b)
a=0b=0
L-1L-1 B
Covariance (a—a)(b—b)P(ab)
a=0b=0
L-1L-1
Inertia (a—b)*P(ab)
a=0b=0
L-1L-1
Absolute value la—b|P(a,b)
a=0b=0
Inverse Difference Yy _Plab)
a=0 b=0 1+( a—b)2
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L-1L-1
Co-Energy ;) b;) P(ab)’
L-1L-1
Co-Entropy — P(ab)log,P(ab)
a=0b=0

After the segmentation and the features extractiiases, the problem of
identifying regions in feature space is solved dbgssification phase. There is no
single best technique for classification: neuralmoeks, support vector machines and
Bayesian techniques are all mathematical models tfay or may not work well
depending on the task at hand. CAD researchergftiier always experiment with
several classifiers [2], [20].

Neural networks ([21} [26]), for example, reproduce biological neuroRg(re
1.2) which represent the elementary unity of a oeswbiological system. Neurons are

organized in structures in which they can coopei@ateesolving complex problems.

Axon hillock

Dendrite Mucleus

Terminal buttons

Figure 1.2: Schematic of biological neuron

The dendrites receive the electric impulses from tithers neurons through
biochemists processes. According to the chemicélreaof the synapses, every
junction can amplify or reduce the transmitted algrf the sum of all the electric
signals in input overcomes a threshold, the nedransmits the signal to the other
connected neurons through the going eeoi) fibre. After the activation, the neuron
has a dead time during which it doesn't receiveiatidesn't transmit signals.

First mathematic definition of artificial neuron svenade in 1943 by McCulloch e

Pitt [27]. Input signals at time t,.{t), Xx(t),...x,(t), coming from other neurons are

9



Chapter 1 1.1 The expert systems

supposed to be binary and transmitted through sgsao the cell body. Biological
effect of synapses is mathematically realized bijedent weights given to input

signals. Neuron inpu(t) is the sum of all input signals convenientlyigiged:

a(t)=w,x,(t)+w,x,(t)+.....w x_(t) (1.1.1)

A step functionf(a) set the outpub(t+1) at O (inactive neuron) or at 1 (active

neuron), ifa(t) overcomes or not the threshold (Figure 1.3).

weights

X i

# '_P a(t) y=1(a) o(t£l
_l_j — L

- . l._

Figure 1.3: Schematic of artificial neuron

The output signal, according to McCulloch e Pst, |

o(t+1)=f

iwi xi(t)) (1.1.2)

The simplest neural network has a unidirectionanection forward and only one
layer of artificial neuron, and the outputs areshee number of the inputs.

In solving more complex problems it is possiblericrease the neurons layers, so
the first layer pre-process the input and the ity layers, called hidden layers, are

capable of extracting higher order statistics, msimating the signal (Figure 1.4):

10
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First Second Output
Input - . P
Input Output LaF:/er Hidden Hleden Layer
Layer Layer Layer ayer

Figure 1.4: Example of neural network with single left) and multiple (right) layer

The procedure that consists in estimating the pater® of neurons so that the
whole network can perform a specific task is callsmtning: in supervised learning,
the neural network output is compared with thetttfiand by a feedback process the
network modifies the parameters to better approtentae desired outputs; instead, in
unsupervised learning there isn't a feedback anel nletwork finds itself the
correlations between the data.

Extensive investigations of computerized image ysiglfor detection or diagnosis
of abnormalities in a variety of 2D and 3D medicaages have been conducted: most
publications on CAD have been concerned with 3msgahest, breast, and colon, but
other organs, such as brain, liver, and skeletdl\ascular systems also have been
subjected to CAD research [1],[28]-[36].

Chest radiography is the most commonly performedcguiure in medical
imaging; however, interpretation of chest radiofysas a difficult task because of the
overlapping ribs and its low contrast sensitivityr fsubtle abnormalities, so the
detection accuracy for lung nodules in chest radiplygs could be significantly
improved with the use of CAD [37]-[39].

The recommended annual screening mammography forewmver 40 years of
age results in a large volume of mammograms toeael by radiologists. Studies
indicate that the false negative rate of mammogranges from 10% to 30%
because mammographic signs of breast cancer sutitescalcifications and masses
can be very subtle and often obscured by densestbtisaue [28], [33]. This is the
reason why computerized analysis systems for mamapbg usually are focused on

the detection of either clustered microcalcificai@r mass lesions [40]-[42].

11



Chapter 1 1.1 The expert systems

Computed Tomography Colonography (CTC) is anothmpoirtant area of
application of CAD. Colon cancer is the third leaglicause of cancer deaths for men
and women in the United States. Colon cancer sorgenvolves detection of polyps,
which can be the precursor of colon cancer, anderans growths on the walls of the
large intestine. Interpretation of CTC is time aoamgng and difficult because the
radiologist’s sensitivity of polyp detection in C'Maries over a wide range, which was
attributed to many factors such as the variabiltyCT scanning techniques, colon
preparation methods, size of the polyps in the istudatient cohort, and the
radiologists’ experience with CTC. CAD may be afukadjunct to CTC to reduce
false negatives and reader variability. The cur@R€ CAD systems have sensitivity
ranging from 80% to 100% at an FP rate of 2 to di5sgan [43]-[45].

Recently, a new application of CAD systems is tl&guaosis of autoimmune
diseases based on research and identification tofuafear autoantibodies (ANAS)
through indirect immunofluorescence (lIF). Howe\ers a labor-intensive assay and
highly dependent on the skills of the reader. lddéE needs to be upgraded in order
to overcome the following current major limitatiorms the method: the lack of
resources and adequately trained personnel, theldoel of standardization, the
interobserver variability, the photobleaching effec

The consequence of current debate on automatidiNis test is that the ability
to automatically determine the presence of autbadtes in IIF would enable easier,
faster and more reliable tests execution, fasteulrereporting, increase test
repeatability, and lower costs [46]-[48]. For tharglardization of a methodic as valid
support in the diagnosis of the autoimmune disep&951], computerized methods

and software have been proposed for the suppthetdiagnosis.

1.2 Autoimmune Diseases

Autoimmune diseases are a family of more than 80rgb, and often disabling,
ilinesses that develop when underlying defecth@itmmune system lead the body to

attack its own organs, tissues, and cells. Theserdkrs are fall into two general

12



Chapter 1 1.2 Autoimmune Diseases

groups: systemic autoimmune diseases (e.g. mubsigerosis) and organ specific

autoimmune diseases (e.g. diabetes) (Figure 1.5).

« Graves Diseassa [ Thyroid: TSHR Abs, TPO Abs)

# Hashimgoto Thytreoiditis [ Thyroid: TPO Abs, Tg AbS)

+ Diabetes Type | [ Pankreas: GAD Il Abs, 1A2 Abs, ICA)
+ Goodpasture Syndromaa [ Kidney: GEM Abs)

+ Pernicious Anemia [ Stomach: Parietal Cell Abs)

+ Primary Biliary Cirrhasis [ Liver, Bile: AMADS)

+ Myasthenia Gravis { Muscles: AChR Abs)

+ Dermato-/Polymyositis [ Skin J Muscles: Jo 1 Abs)

+ Vasculitis [ Vessels: ANCA)

+ Rheumatoid Arthritis ( Joints: CRP, RF, RA33 Abs, Sa Abs)
+ MCTD [ RNP Abs)

+ Scleroderma ( Scl 70 Abs, CENP Abs, PMScl Abs)

+ SLE [ ANA, Cardiolipin Abs, Beta 2 GP I Abs)

Figure 1.5: A short list of autoimmune diseases

While many of these diseases are rare, collectithedy affect 14.7 to 23.5 million
people only in USA [52], and — for reasons unknewtheir prevalence is rising. Since
cures are not yet available for most autoimmuneadiss, patients face a lifetime of
iliness and treatment. They often endure debilitaiymptoms, loss of organ function,
reduce productivity at work, and high medical exg@En And, because most of these
diseases disproportionately afflict women and aneray the leading causes of death
for young and middle-aged women, they impose ayheavden on patients’ families
and on society.

The burden of a human disease should be countedniptin terms of money
spent on health care for people directly affecbed,as the total cost to society. It must
take into account the number of individuals who #irand the direct and indirect
effects of the illness on patients, their familidgeir associates, and the public. Patient
and family burden may include economic losses,redteor abandoned career or
educational goals, and stress, suffering, and teiogy. The first step in managing
patients with any disorder is proper diagnosis.

Diagnosing autoimmune diseases can be particuthifigult, however, because
these disorders can affect any organ or tissukarbody, and produce highly diverse
clinical manifestations, depending on the siteudbammune attack. Moreover, disease
symptoms are often not apparent until the diseaseréached a relatively advanced

stage.

13



Chapter 1 1.2 Autoimmune Diseases

Diagnosis of an autoimmune disease typically bewgiitis a careful health history,
including assessment of possible occupational anda@mental exposures. Many of
the early symptoms of these disorders, such aguitjoint and muscle pain, fever, or
weight change, are nonspecific. While these sympt@ione may not point to a
particular autoimmune disease, when considereetinspect they can help to pinpoint
when the disease process began. Added diagnostis chay be revealed through
family history, as the presence of autoimmune disaa a patient’s family further
suggests that an autoimmune disease should bedeoedi among the diagnostic
possibilities. Similarly, a social and occupatiorfastory may identify exposures
associated with a particular autoimmune disordg}.[5

Laboratory’s techniques able to point out and camfdiagnosis of autoimmune
pathologies are based on research and identificafiauto antibodies, revealed by the
presence of specific antigen- antibody complexeattidularly, identification of
antinuclear antibodies (ANA) is an important paftctnical medicine and clinical
immunology. ANA testing for the assessment of gyste and organ-specific
autoimmune diseases has increased progressivelge simmunofluorescence
techniques were first used to demonstrate antiau@atibodies in 1957. ANA tests
are amongst the most commonly performed antibodig teorld-wide and the most
frequently performed test in many clinical immurgtdaboratories [53].

Antinuclear antibody tests have their origin in thgus erythematosus cell
(L.E.cell) phenomenon. This was first demonstrateghatients with systemic lupus
erythematosus (SLE) in 1948 by Hargraves, Richmamd Morton whilst working at
the Mayo Clinic. The L.E. cell test became widebed but was rather insensitive and
difficult to standardise. In 1950, Coons and Kaphasrking in Boston, described the
use of fluorescein-labelled antibodies for identifytissue antigens. At that time Lee,
Michael and Vural (1951) showed that the L.E. gdélenomenon was caused by a
gamma globulin protein which was probably an artipo

In 1957 Holborow, Weir and Johnson (Canadian Ress€£Memorial Hospital,
Taplow, UK) used the fluorescent labelled antibtelshnique to demonstrate that the
sera of L.E. cell positive patients contained andibs that produced homogeneous

nuclear fluorescence on human tissues. It was swear that different patterns

14



Chapter 1 1.2 Autoimmune Diseases

occurred and in 1961 Beck (National Institute foedital Research, London) used rat
liver sections to demonstrate homogeneous, speekiddhucleolar staining of nuclei
in sera from patients with a variety of differeneumatic diseases [53].

In the early days of ANA testing, rodent tissu@ifsach, liver and/or kidney) was
commonly used as the substrate. Rodent tissue leovilad several drawbacks such as
small cell size, a lack of dividing cells (mitotjcand poor antigen expression that
made interpretation of ANA patterns difficult. Ihet 1980s, cultured cell lines were
examined for utility as an ANA substrate and thenan epithelial- like cell line HEp-

2 gained popularity. HEp-2 cells are a highly stwesi substrate that provide
qualitative information which can be used as th#iainstep for more specific
identification and quantification of autoantibodi¢$Ep-2's advantages over rodent

tissue are:

1. A more sensitive substrate that allows iderdtfan of many patterns.

2. Human origin ensures better specificity thamrehitissues.

3. The nuclei are much larger so complex nucletaildecan be seen.

4. The cell monolayer ensures that all nuclei asible.

5. Cell division rates are higher so that antigem&luced only in cell division are
easily located e.g. centromere and mitotic spipdkerns.

6. Antigen distribution is uniform.

The diagnosis of autoimmune pathologies is basetes@arch and identification
of  antinuclear autoantibodies (ANASs) through immilunarescence.
Immunofluorescence is a technique allowing the aligation of a specific protein or
antigen in cells or tissue sections by binding ec#f antibody chemically conjugated
with a fluorescent dye such as fluorescein isoyaoate (FITC). There are two major
types of immunofluorescence staining methods: tBctimmunofluorescence staining
in which the primary antibody is labeled with flescence dye, and 2) indirect
immunofluorescence staining in which a secondarytibady labeled with

fluorochrome is used to recognize a primary anybodFigure 1.6).

15



Chapter 1 1.2 Autoimmune Diseases

Immunofluorescence staining can be performed ofs ¢eded on slides and tissue
sections.

A ‘7/@
. )
-/

direct indirect

Figure 1.6: Direct and indirect immunofluorescence

Immunofluorescence stained samples are examinederurd fluorescence
microscope which emit infrared light (<750 nm):dtescent marker absorbs the light

and it re-emits with wavelength equal to ~ 700 med (light) or 530nm (green light)
(Figure 1.7).

/&ete ctor

: Emission
Mercury - Filter
Arc Lamp
\
Ig Dichroic
Excitation Mirror
Filter
Sample

Figure 1.7: Fluorescence microscopy

The diagnosis is based on two parameters: the efgence intensity and the
fluorescence pattern.

The fluorescence intensity is scored semi-quanélt from 1+ to 4+ relative to
the intensity of a negative and a positive con{/st), by following the guidelines
established by the Centers for Disease Control Rmedention in Atlanta, Georgia
(CDC) [54]:

16



Chapter 1 1.2 Autoimmune Diseases

4+ brilliant green (maximal fluorescence);
3+ less brilliant green fluorescence;
2+ defined pattern but dim fluorescence;

1+ very subdued fluorescence.

The pattern depends on the distribution of the gentiinside the nucleus:

antibodies against antigens in different locatiore glifferent patterns of fluorescence

and therefore they allow the identification of thiferent diseases.

In the literature, staining patterns are classifiegd one of the following groups:

homogeneous: diffuse staining of the interphasdenwand staining of the
chromatin of mitotic cells;

speckled: a fine or coarse granular nuclear stgiruh the interphase cell
nuclei;

nucleolar: large coarse speckled staining withia mlucleus, less than six in
number per cell;

cytoplasmic: fine fluorescent fibres running thendth of the cell; it is
frequently associated with other autoantibodiegite a mixed pattern;
centromere: several discrete speckles distributedughout the interphase
nuclei and characteristically found in the condeénseclear chromatin during

mitosis as a bar of closely associated speckles.

Examples of the above defined patterns are showheifrigure 1.8.

Homogeneous Speckled Nucleolar Cytoplasmic Centromere

Figure 1.8: Examples of fluorescent patterns

Following the recent statement made by the Americ@ollege of

Rheumatology that the IIF technique should be cwred as the standard screening

method for the detection of ANA, the biomedicalustty has proposed technological

17



Chapter 1 1.2 Autoimmune Diseases

solutions which significantly improve the automatiof the procedure, not only in the
preparation of substrates and slides, but alsoi@énoscope reading. This innovation is
based on the principles of digitalization of fluscopic images and on the
classification of patterns using standardized agghies (automated positive—negative
screening and pattern interpretation). These systmbased on the use of automated
microscopes, robotized slide trays, high-sensytiwideo cameras, and software
dedicated to acquisition and analysis of digitahg®s [55]. The expected advantages
of an automated IIF method are (a) the reductiofraquency of false negative and
false positive results due to the standardizatibnmeasurement of fluorescence
intensity; (b) the reduction of intra- and intebdmatory variability; (c) improvement
in the correlation of staining patterns with copasding autoantibody reactivity; and

(d) higher throughput in the laboratory workflowb]5

1.3 State of the art

Developing an automated procedure for diagnosisawfoimmune diseases,
authors focus their attention on HEp-2 cell detettion fluorescence intensity
determination or on staining pattern classificatiom the following paragraphs the

state of the art related to these main topicshelpresented.

1.3.1 State of the art on HEp-2 cell detection

With reference to HEp-2 cell detection, Chiang let[36] in 2010 proposed an
efficient segmentation method for automaticallyedéing cells with fluorescence
pattern in IIF imaging. The proposed method utdizke circle Hough transformation
to separate connected cell in IIF images. The mieth@luated 7614 cells with six
distinct fluorescence patterns (including 620 difypatterns, 1077 peripheral patterns,
2251 coarse speckled patterns, 1509 fine speckdidrps, 852 discrete speckled
patterns and 1305 nucleolar patterns) from 113M&ges. Accuracy and sensitivity
were used to estimate the performance of the peasposethod. The results of
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computer simulations revealed that the proposetiadeslways identified cell outlines
as were obtained by manual sketched with an acgwl88.77% and a sensitivity of
93.43%.

Huang et al. [57]-[57], proposed two method forcamtically detecting outlines
of fluorescence cells in IIF patterns: an adaptdged-based segmentation method
and a watershed segmentation method.

In the adaptive edged-based segmentation methdd dbthors evaluated 2573
cells with six distinct fluorescence patterns (utthg 519 diffuse patterns, 482
peripheral patterns, 788 coarse speckled patt&i®4, fine speckled patterns, 64
discrete speckled patterns and 86 nucleolar paltdrom 45 images. In order to
extract precise cells in an image, the proposedhodetcomprised a simple
classification procedure for IIF images to avoidewsegmentation. Firstly, the
automatic thresholding algorithm was performed ¢overt an IIF image to binary
version. Then the proposed method counted the nuofbeonnected region in the
binary image. The information of the connectedoagvas used as the input of the IIF
image classifier. The proposed adaptive segmentaystem obtained a stable and
high accuracy; the proposed system clearly yielckdtoutlines that are similarly to
those manually sketched.

In watershed segmentation method [58], a two stagetershed transform
automatically extracts outlines of cells in IIF iges. In the first stage segmentation,
the green channel from the original RGB image wakzed as input intensity to
segment cells. After preprocessing, the proposethadeemployed the watershed
transform to segment cell region. For reducing eegmentation, the region merging
procedure was utilized to merge the small connetgtbns. The region elimination
procedure removed the segmented region with anasarmable size. In the second
stage segmentation, the method based on the coonteptarkers was utilized for
controlling over-segmentation. The second stageuteodtilized the cyan component
as input to avoid over-segmentation. The origin@BRimage was transformed to
CMY (Cyan, Magenta, and Yellow channels) color gpabe Otsu’s algorithm was
first performed to generate the marker for wateitskegmentation. The similarity

based watershed algorithm is performed herein tdrabover-segmentation in the
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images. The paper evaluated 2305 autoantibodyeboence patterns with manual
sketched outlines (including 456 diffuse pattedis/ peripheral patterns, 719 coarse
speckled patterns, 55 fine speckled patterns, 3ddtede speckled patterns and 141
nucleolar patterns) from 44 IIF images. The per@moe measures, i.e. true-positive
(TP), false-negative (FN), false-positive (FP) aedsitivity, were used to estimate the
performance of the proposed system. The sensitivaty of 94.7%.

Percannella et al. [59] in 2012 proposed a new aaktbr cells segmentation in
HEp-2 images which adopts image reconstruction #&r preliminary image
segmentation and, then, employs a sort of classibatrolled dilation for better
determining the structure of the cells, where tassifier is trained using data of the
image at hand. The authors used a public dataséibEp-2 images, available at
http://mivia.unisa.it/databases/db_database/bioca#di which consists of 28
annotated IIF images. Images belong to two clastéisiorescence intensity, namely
borderline and positive, and exhibit one of themsax staining patterns (homogenous,
fine speckled, coarse speckled, centromere, nalkeolcytoplasmic). The use of
images with different fluorescence intensity anel lthw contrast of borderline samples
as well as the staining pattern variability make segmentation task more complex.
To evaluate the performance of the proposed se@ti@mtimethod, authors computed
precision (Prec = TP/TP+FP ), recall (Recall =TR/FR ) and f-index (f - index =
2-Prec-Recall/Prec+Recall) obtaining the valueg0éb, 43.8%, 50%, respectively.

1.3.2 State of the art on fluorescence intensityadsification

With reference on fluorescence intensity clasdiiicg Soda and lannello in 2006
and in 2009 proposed an ANN-based classifier [6@] @ Multiple Expert System [61]
classifier. In the first method, authors populatediatabase of 540 annotated IIF
images; in order to label the data set samplesgatiihg the ground truth for this
specific application, they made use of two différphysicians which independently
diagnosed each sample. Each image of the data aetpve-elaborated in order to
improve the contrast; then morphological filteracls as erosion and dilation have

been applied to remove noise. Using Otsu’s algarjithutomatic thresholding was
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performed to locate the cells. From these segmenedes, they extracted a set of
features, related to measures of fluorescent irtfgenghich are chosen considering the
physician expertise. Also features of positive amebative controls have been
considered. Authors investigated several classifirying both the number of hidden
layers and the number of neurons for layer, belupgp the family of Artificial Neural
Network (ANNSs) architectures: the Multi-Layer Pgotens (MLPs) and the Radial
Basis Network (RBF). All classifiers exhibited FRdaFN rate approximately less than
1%; MLPs expert showed an overall error rate (R pIN) of 0.8%, whereas for the
RBF such a percentage is 1.9%; RBF network exhilatdit rate higher than MLPs
expert (52.7% vs. 43.7%).

In the second paper, the recognition system iscbasea multiple expert system
(MES) paradigm and employs a classifier selectippr@ach. Authors populated a
database of 600 IIF images, revised by two physs;iavhich indicated three classes,
named negative, intermediate and positive. The iphailtexpert system aggregates
three different experts, each one specialized éngrizing one of three input classes
(i.e., positive, negative, intermediate). Each eixps a nearest neighbour (NN)
classifier. To combine the outputs of the classsfi@uthors proposed two selection
rules: a binary rule and a zero-reject selectida. rihe former one is based on the
binary combination of the output of single clagssi whereas the latter rule is based
on the evaluation of the reliability of each recibign act of the classifiers. These rules
have been experimentally evaluated, exhibiting mareate (FP plus FN) less than
0.9%.

1.3.3 State of the art on pattern recognition

With reference on pattern recognition, Soda in 20®posed a method based on a
Multiple Expert System (MES) [62] in which the whkolvell staining pattern is
computed on the strength of the recognition otéls, testing two aggregation rules.
To classify the well staining pattern into one bk tbasic groups (Homogeneous,
Peripheral nuclear or Rim, Speckled, Nucleolar,@dttern) authors first segment the

image to locate the cells; next, they classify stening pattern of cells and, finally,

21



Chapter 1 1.3 Sate of the art

they classify the staining pattern of the wholelwel the strength of the classification
of its cells. They randomly select 28 images ofifescent positive wells from a
private database of IIF images. According to tlessification approach, it is required
to know not only the staining pattern of the wheiell, but also the class of each cell
inside them. In this respect, to locate the cékés/tuse some morphological filters and
global thresholding techniques.

The data set consists of 465 cells and the a grobability of homogeneous, rim,
speckled, nucleolar and artefact class (i.e. agitupted during the slide preparation
process,) is 29.9%, 21.5%, 32.7%, 7.1% and 8.8%pectively. To analyze the
staining pattern they compute a set of featuredaelto texture components, adopting
both statistical and spectral features. The formeasures are associated to properties
of the first and the second order histogram, respy (e.g. the moments up to the
fourth order, the energy around the peak, the pwjroThe spectral features are
calculated by partitioning the spectrum of the keuiransform into angular and
radial bins. The proposed MES aggregates five Neddeighbour (NN) classifiers,
each devised to recognize one of the staining npatiasses. Every NN expert labels
the input sample as belonging or not to its class, it has a binary output.
Furthermore, each one uses a different featureAsstlection module consisting of
two selection rules computes the final output & HES. With reference to staining
pattern recognition of the whole well, by using thest selection rule correctly
classifies the 70.5% of samples, misclassifieslth®% of wells and rejects the 16.6%
of wells. Adopting the second rule, the hit raté2s2% , the miss rate is 8,3% and the
reject rate is 29.5%.

Soda and lannello proposed a Hybrid Multiple Exi@yrstem [63] in 2007 and a
Multiple Expert System [64] in 2009.

In hybrid Multi-Expert Systems (MES), the MES is dwaup of L blocks with a
binary output (i.e. 1 or 0) that indicates if timput sample belongs or not to the class
on which it is specialized. Then, a selection medelects which block is most likely
to be correct for any given input sample on thasbatwo different selection rules: a
Binary Selection rule and Reliability-based Selmttrule. In order to populate a

referring data set of fluorescent cells, authorslaanly select 37 images of positive
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wells from a private database. Two IIF specialistependently classify the pattern of
each cell at a workstation monitor. Data set casg§ 573 labelled cells. To analyze
the staining pattern they compute a set of featueésted to texture components,
adopting both statistical and spectral feature® fiiimer measures are associated to
properties of the first and the second order hrsimg respectively (e.g. the moments
up to the fourth order, the energy around the pdekentropy). The spectral features
are calculated by partitioning the spectrum of Foerier Transform into angular and
radial bins. Furthermore features related to WavBlansform and Zernike Moments
have been computed. The absolute performance® dfiybrid systems showed an hit
rate of 60.8% for the Binary Selection rule anchdamate of 75.9% for the Reliability-
based Selection rule.

With the MES method, authors first segment the en&m locate the cells and
extract the features; second, they label the sigipiattern of individual cells, and
third, they classify the staining pattern of theolehwell on the strength of the
classification of its cells. The MES is based om tine-per-class paradigm, which
assumes that the multiclass learning problem isaed to several binary classification
tasks. Given the number L of classes among whiehirthut samples are distributed,
the MES is composed of L modules, each one beirngxpart in the separation of one
input class from the others. Their predictions aggregated to a final decision on the
basis of a certain rule (the aggregation modula) itlentifies the module that is the
most likely to be correct for any input sample. lEacodule can be constituted either
by a single classifier or by employing again a mplét experts scheme. In the latter
case, the classifiers combination technique carbdsed on fusion, selection, or a
mixture of them. In particular, to improve the rgodion performance attainable by
the L modules, we implement them with multiple binalassifiers combined by
fusion rule, namely the weighted voting (WV). Thatal set consists of 573 labelled
cells, from images of 37 IIF wells. Two specialisfsiIF independently and blindly
classify about 15 cells per well, one at a timeiclwhave been chosen at random from
those segmented. The system attained a hit ratd &87.3%.

Perner et al. [49] in 2002 presented results onataysis and classification of

cells using image analysis and data mining tectesqbtarting from a knowledge-
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acquisition process with a human operator, autlienseloped an automatic image
analysis and a feature extraction algorithm for dlgective measurement of image
features. They used a dataset containing 53 imdgeseach of the six class
(homogeneous, homogeneous fine speckled, nuclew, sipeckled, fine speckled
nuclear, centromere). A dataset containing 13fufea was set up and given to data
mining tool to find out the best set of featuresl o construct the structure of the
classifier. The classifier is a decision tree irtchrcprogram which allows one to learn
a set of rules and basic features necessary faideenaking in a diagnostic task. The
classifier was evaluated by cross validation: tmereate of the decision tree based on
calculated image features is 25%.

Sack et al. in 2003 proposed a computer assisteteérayfor classification of
interphase HEp-2 immunofluorescence patterns ioigmune diagnostics [51]. They
utilized a software package developed by P. Pdrased on a novel image analysis
and feature extraction algorithm. The samples af®1]l with six pattern
(Homogeneous, Nucleolar, Speckled, Peripheral aucldNuclear dot, Mitosis
asssociated). The image as imported from the camerhile was transformed into a
grey level image by intensity without consideratioh colours. Pictures were
normalized and processed by automatic thresholdsgell as morphological filters
like dilation and erosion. Finally, cells were a@uiit from the image. Data describing
various of these singular cells were calculatedstated in a data base. The generated
data set was then subject to machine learning igeés to find out relevant features
for a correct classification of autoantibodies. dlyy a learning algorithm selected
from the data set the most promising features asmbktoucted the structure of a
classifier. The classifier was evaluated by crosdaion method. Beside taking the
patterns for the assisting computer system, humgerators contributed to the
knowledge acquisition process by teaching the sysby their knowledge. Two
essential procedures can be performed: discrinmndietween positive and negative
sera, and pre-classification of main patterns. @aduation of the system revealed that
a multiparameteric mixture of different image infation is necessary for a correct
classification of the pre-defined groups of flumesce patterns. The system reaches

more than 83% of correct classification.
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Recently, lannello et al. [65] presented a methddreling the panel of detectable
HEp-2 staining patterns, introducing the centronaard cytoplasmic patterns, which
do not show well-defined cell edges, and where gameatation-based classification
may fail. They applied a local approach which exsaSIFT descriptors and then
classifies an image through the bag of visual wapproach (BOVW). BOVW is
inspired by the bag of words approach originallyraduced in text classification,
where a document is categorized by counting the neasirring words. While in text
documents a vocabulary is already determined, & wisual domain it must be
defined. For this purpose the set of ROIs extraftaich multiple training images can
be clustered in k groups in the feature space.tifigg@ach cluster as a visual word,
authors get a visual word vocabulary encoding tiierimation contained in all local
patterns. Then, a test image is represented byataré vector counting each visual
word contained in that image. This permitted torespnt complex image contents
without applying the segmentation procedure. Tlesyed their approach on a dataset
of 176 HEp-2 images with large variability in bdthorescence intensity and staining
patterns. Their system correctly recognizes th@%8of samples, with a F-measure
equal to 92.3%, 95.2% and 99.0%, for each class.

In 2009, Hsieh et al. [66] proposed a classificatimethod utilizing learning
vector quantization (LVQ) with eight textural feegs (Standard deviation,
Uniformity/Entropy, Block variation of local corion (BVLC) coefficients, Spatial
grey-level dependence matrices, Grey-level diffeeematrix, Neighbourhood grey-
tone difference matrix, Fractal dimension, Imagearse degrees) to identify the
fluorescence pattern. Learning vector quantizat{tvQ) is a prototype-based
supervised classification algorithm and can be tsided as a special case of an
artificial neural network, more precisely, it agdia winner-take-all Hebbian learning-
based approach. LVQ was invented by Kohonen. Tha&ank has two layers: a layer
of input neurons, and a layer of output neuron® fAdtwork is given by prototypes W
= (w(i),...,w(n)). It changes the weights of thevmerk in order to classify the data
correctly. For each data point, the prototype (arjthat is closest to it is determined
(called the winner neuron). The weights of the @mions to this neuron are then

adapted, i.e. made closer if it correctly classitiee data point or made less similar if
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it incorrectly classifies it. An advantage of LV@® that it creates prototypes that are
easy to interpret for experts in classification laggpions. The study evaluated 1036
autoantibody fluorescence patterns from 44 IIF iesaghat were divided into six
pattern categories (including diffuse, peripherabarse speckled, fine speckled,
discrete speckled and nucleolar patterns). Thelatitons showed that the proposed
system has an average accuracy of 80.3%.

Rigon et al. [46] in 2011 presented a comprehensygtem that supports the two
sides of IIF tests classification. It is based @ tsystems: the first labels the
fluorescence intensity, whereas the second recegrilze staining pattern of positive
wells. For the fluorescence intensity classificaticdhey used the “multi
expert/modulesystem”. To asses fluorescence irfersich expert is specialized on
one of the following classes respectively: positimegative or intermediate (weak
positive). For achieving the final decision on thege all the expert decision need to
be combined. To this purpose they proposed tweifft rules that provide the final
classification on the basis of dichotomizers owtptihe first consists of a binary
combination of the expert/module's outputs, reférte as Binary Selection (BS)
(conservative selection rule). This rule rejectmgie when none module indicates that
the sample belongs to its class or when there iagneement between modules. This
approach does not require any reliability estinmatidlternatively, they proposed a
strategy based on reliability estimation that clesoan output in any of the possible
combinations of modules' output may be introducetgrred to as Reliability-based
Selection (RbS). For the staining pattern clasgiion they first segment the image to
locate the cells; second, they classify the stgimattern of several cells and, third,
they classify the staining pattern of the wholelwel the strength of the classification
of its cells. To test the system dedicated to dhadgke fluorescence intensity, they
populated a dataset of 600 images obtained from senieened for ANA by IIF on
Hep-2 cells. To carry out the recognition of stagnpattern, the cells data set consists
of 573 labelled cells. The error rate has beenuatatl according to eight-fold cross
validation method: with reference to fluorescemtensity classification, using binary

selection rule (BS) the hit rate is 87.4%, using RbS rule the hit rate increases from
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87% up to more than 94%. With reference to celtsepa classification, using BS the
hit rate was 60.8%, using RDbS rule the hit rate Wa9%.

Bossuyt in 2013 [67] evaluated detection of antieaic antibodies by G-Sight
(Menarini), an automated system for image acqaisiind interpretation of indirect
immunofluorescence based tests. They evaluatedhitiey of the system to estimate
the fluorescence intensity and to correctly clgsdiuorescence patterns. The
positive/negative discrimination is evaluated whhe system is focusing over cells.
The sensitivity of the camera is regulated overethigre image in order to reach a cell
target density. The system was trained over aaalie of sera in order to discriminate
a positive or negative sample by evaluation of gaameters that regulate the
sensitivity of the camera acquisition. A probaliliheasure of positivity (probability
index) is calculated based on statistics of a ofetaining samples. This probability
index is used to classify the sample in positivegative or uncertain. The system
performs intelligent pattern recognition (five @atts can be assigned: homogeneous,
nucleolar, speckled, centromere and mitochondridhe first step in the image
processing algorithm is the use of morphologicarafors and threshold techniques to
separate background from foreground. The segmentafi foreground is performed
in order to evaluate single cells. In a second,deequre features are calculated that
evaluate the intensity surface of the cells. Final supervised learning classifier is
used to classify patterns by using the descriptArgomated antinuclear antibody
analysis by G-Sight was performed on 268 conseeut@mples submitted to the
laboratory. G-Sight allows assigning 5 basic flsoence patterns and G-Sight
correctly assigned a homogeneous, speckled, aricbosre pattern in 28 (68%), 24
(71%), and 5 (83%) of these samples, respectively.

Elbischger et al. [68] focused on the developmemi a@valuation of image
processing and classification algorithms for HEpell segmentation and cell type
classification in order to better detect a suspialagnosis for autoimmune diseases.
A medical doctor has manually classified a setrofges in 17 different cell type
classes coming from five nucleus patterns ( Homeges (H), Speckled (S),
Centromere (C), Nucleolar PmScl (P) and Scl-70 (Send from the distinction

between cells in interphase (icells) and mitosiageh(m-cells) with their four sub-
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phases (Prophase, Metaphase, Anaphase, TeloplNise).features are calculated
from the segmentation results and are used in lhssification task: Area ratio,

Variance, Perimeter ratio, 30th and 60th normaligectentiles and percentile range,
Dent number, Auto-covariance percentage, RoundnAssViahalanobis distance

classifier is used for classification. The systesmcapable of distinguishing the 17
classes with 90.25% accuracy.

Foggia et al. [69] focused on mitotic cells presentan heterogeneous set of
features used to describe the peculiarities of tyjpe of cells and then tested five
classifiers, belonging to different classificatiparadigms. The approach has been
evaluated on an annotated dataset consisting otcé&l§ 63 mitotic cells and 63 no
mitotic cells. To represent the peculiarities ofotic cells authors used morphological
descriptors inspired by the peculiarities of call$iand and texture measures, e.qg. first
and second order histograms, rectangle featuresoaatibinary pattern (LBPs). The
first set of features is composed by morphologisscriptors, which are based on the
observation that mitotic cells may be fluorescerside or outside the chromosomes
mass We compute features that, on the one sidk,ftwoelliptic shape and, on the
other side, analyse the fluorescence intensitydenghe cells. The second set of
features consists of texture measures relatecatststal and spectral measures. The
former have been extracted both from intensitydgistm and from grey level co-
occurrence matrix by means of computing their stigil moments, e.g. skewness,
kurtosis, energy, entropy, to name a few. Thedditeye been computed from Fourier
transform (FT), Wavelet transform and Zernike motaebBPs assign to each pixel of
the image a label obtained comparing it with itgghbourhood matrix. Authors tested
popular classifiers: a Multi-Layer Perceptron, audaBayes, a kNN, a Support Vector
Machine, and an AdaBoost, obtaining an accuracy82B7%, 80.16%, 86.51%,
81.09%, 85%, respectively.

Ersoy et al. [70] presented a feature extractiod alassification scheme to
classify the fluorescence staining patterns of REells in IIF images. They proposed
a set of features that are sensitive to stainiritepavariations among classes: Edge-
based features which capture both gradient magniam orientation information,

Local shape-based features incorporated througe thmeasures obtained from the
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Hessian matrix (Hessian matrix H describes the rsmcorder structure of local
intensity variations around each point of the imadexture information incorporated
through LBP Local binary pattern (LBP) defined agray-scale invariant texture
measure. They applied a multi-view ShareBoost é&lgor to this set using each
feature descriptor as a separate view. ShareBowoistes a single re-sampling
distribution for all views that helps the clasgifi® exploit the interplay between
subspaces and is robust to noisy labels. They tisedata set reported in [69] and
made available with the ground truth for the ICP&RL2 HEp-2 cell classification

contest [ittp://mivia.unisa.it/hep2contest/index.shfml'he experimental results show an

average of over 90 percent accuracy in classiboatf six HEp-2 cell types
(centromere, coarse speckled, cytoplasmatic, fieelded, homogeneous, nucleolar).
Petter Strandmark et al. [71] introduced a classifon method for mitotic cells in
IIF images. Each mitotic cell is classified intoeoaut of six categories (centromere,
coarse speckled, cytoplasmatic, fine speckled, lygmeous, nucleolar). They used the
data set from the HEp-2 Cells Classification cantes
(http://mivia.unisa.it/hep2contest/index.shirof the ICPR 2012. The method is based on

random forests that classifies an HEp-2 cell imag@ one of six classes. A random
forest computes averages over several hundredsaif decision trees, each of which
is trained on a subset of the features and thaimigaiexamples. The set of features
include Number of objects, Area, Area of the conkiei, Eccentricity, Euler number,
Perimeter etc. They obtained an accuracy of 97.4%.

Kuan Li et al. [72] presented four image descriptéor HEp-2 cell staining
patterns classification, including LBP, Gabor, D@hd a global appearance statistical
descriptor. Staining patterns are classified inte @f the following six groups:
homogeneous, fine speckled, coarse speckled, nagleytoplasmic and centromere.
A multiclass boosting SVM algorithm is proposed itdegrate these descriptors
together: (1) within each boosting round, four neldiss posterior probability SVMs
are trained corresponding to four descriptors, Hreh combined to an integrated
classifier; (2) AdaBoost.M1 is modified to enharibe performance of the integrated
classifiers. Experimental results over 721 imagktioed from ICPR2012 contest

(http://mivia.unisa.it/hep2contgstThe results are 98.62% +1.24% in positive sas)ple
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95.85% + 1.64% in intermediate samples, and 96.83%46% in the total 721
images. It shows that proposed method achievesrigttformance than other SVM
using single descriptor.

V. Snell et al. [73] introduced a combination okespal analysis and multiscale
digital filtering to extract the most discriminagiwariables from the cell images. They
also applied multistage classification techniquesniake optimal use of the limited
labelled data set. The contest training data ctsefs/21 images of individual cell IIF
patterns, each having an associated binary magsk,irgensity label (positive or
intermediate), and a ground-truth class label foora of 6 classes (homogeneous, fine
speckled, coarse speckled, nucleolar, cytoplasmiccgntromere). Overall error rate
of 1.6% is achieved in recognition of 6 differeellgatterns, which drops to 0.5% if
only positive samples are considered.

llias Theodorakopoulos et al. [74] proposed a sysier automatic classification
of staining patterns on single-cell fluorescenceages. Their method utilized
morphological features extracted from a set of fyinenages derived via multi-level
thresholding of fluorescence images. Furthermorenaglified version of Uniform
Local Binary Patterns descriptor was incorporatedrnder to capture local textural
information. The classification was performed usingon-linear SVM Classifier. The
proposed method was evaluated using a publiclylaMai dataset, released for the
purposes of HEP-2 Cells classification competitainlCPR 2012, achieving up to
95.9% overall classification accuracy.

Di Cataldo et al. [75] proposed a technique thatgoes automated classification
of the staining pattern. Their method combinedusaitfeature extraction and a two-
step feature selection scheme to select a limitedber of image attributes that are
best suited to the classification purpose and tieeognizes the staining pattern by
means of a Support Vector Machine module. Experimmen IIF images of HEP-2
Cells classification competition at ICPR 2012 shdwbat their method is able to
identify staining patterns with average accuracglwdut 87%.

Wafa Bel haj ali et al. [76] tested a learning aigpon on cellular images acquired
for the analysis of pathologies. In order to eveduthe automatic classification

performances, they tested their algorithm on the-HECells dataset of Foggia et al.
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(CBMS 2010). Results showed classification preciderger than 96% on average.
The same authors et al. [77] proposed a novel aatkun approach for the
categorization of cells in fluorescence microscopyages. Their supervised
classification method aimed at recognizing pattevshsinlabeled cells based on an
annotated dataset. First, the cell images needée tadexed by encoding them in a
feature space. For this purpose, they proposeutedilbio-inspired features relying on
the distribution of contrast information. Then, @psrvised learning algorithm was
proposed for classifying the cells. They carried experiments on cellular images
related to the diagnosis of autoimmune diseass8ngethe classification method on
the HEp-2 Cells dataset of Foggia et al (CBMS 20R®sults showed classification
precision larger than 96% on average.

Ghosh et al. [78] proposed feature extraction nmaghHor automatic recognition of
staining patterns of HEp-2 images (provided asra gfathe ICPR 2012 HEp-2 Cells
Classification Contest) to develop a Computer-Aid@dgnosis system and support
the specialists’ decision . They compared the perémces of various individual and
combined features and show that a combination ofGH@stogram of Oriented
Gradients), Texture and ROI(Region of Interestfuess are best suited for our task

achieving an overall accuracy of 91.13% using gpBupvector Machine as classifier.
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2. 1 The project A.l.D.A.

The increasing complexity in the management andysiseof biomedical data has
created the urgency and the necessity of usingnreton technologies which support
the doctors in diagnosis. Information and CommuiocaTechnologies (ICTs) were
successfully applied in medical imaging and, regemd improve the diagnosis of the
Autoimmune Disease. The introduction of modern epphes based on computer
systems represents an economic and effective sufmpdhe diagnosis of autoimmune
diseases. In this context is inserted the profetD.A. (Auto-Immunité: Diagnostic
Assisté par ordinateur), an international stratggaject financed by EU in the ENPI
cooperation program lItaly-Tunis. The project wibincern particularly the application
of ICTs for the diagnosis of autoimmune diseaseading by computer the images of
test lIF.

The basic idea come up from the research groupemfaBment of Physic and
Chemistry of University of Palermo, which since mamars develops activity in the
field.

This project, with its strong character of cooperatSicily-Tunisia in the
scientific, cultural and sanitary context, joins llweithin the framework of the
European politics of neighbourhood, with the ohjextof strengthen the integration
between both banks of the Mediterranean Sea. Td)egbranswers the objective of the

promotion of research and innovation, within threiework of a cooperation between
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science parks, the support for the innovation engtocesses of production and the
distribution of information technologies.

Autoimmune diseases, as explained in paragraphate2multifactorial diseases,
whose risk factors are genetic and environmentalmFa population to another one
the combinations of risk factors can vary, genagptdifferent epidemiological
profiles. The interest in working with populatioo®se on genetic plan and climatic
conditions but different from the point of view efistoms, food habits, cultural
conditions, environmental factors, is obvious asaa we can envisage comparative
analyses. So, the study of autoimmune diseasefpittier regions as Sicily and
Tunisia can certainly improve the knowledge of thmthogenesis and the spreading
of involved genetic and environmental risks.

The project plans the installation, in hospitalsSafily and Tunisia, of stations of
reports for test IIF, with a innovative softwarevdl®ped at the University of Palermo.

The project involves researchers recruited amoegb#st young people coming
from the Universities in Palermo and Tunisi, placéde by side by an international
team composed by physicists, computer engineengsigans and biologists. The
main actors directly concerned by this project the scientists of the hospitals and
university centers, the structures of managementthef health as well as the
technological poles. The contribution of this pobjen terms of improvement of the
capacities of these actors concerns the acquisifiemformation and new methods as
well as the help to the diagnostic decision.

The italian partners of the project are:

= University of Palermo

= Assessorato alla Sanita of Sicilian Region

» Provincia Regionale di Agrigento

= ASP-TP, U.O.C. of Clinical Pathology Hospital ofapani

The tunisinian partners of the project are:

= Lab. of Genetic, Immunology of Human Pathologiesjvarsity of Tunis El

Manar
» Institut Pasteur, Tunis

= Hospital Charles Nicolle, Tunis
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Chapter 2 2.1 Theproject A.I.D.A.

= Ministry of Health, Tunis

Other hospital collaborate to the project (HospBalccheri La Ferla and Civic
Hospital in Palermo, ASP in Agrigento and HospAalana of Tunisi); to the project
the Sidi Thabet Technological Pole of Tunisi and Department of the Productive
Activities of Sicilian Region also participate.

The project has as objective the improvement of diagnosis of autoimmune
diseases by IIF, thanks to the use of a computstesy developed by the spinoff
CyclopusCAD of the University of Palermo, for acgjtion of images, implementation
of a digital database and processing of data byn#tallation, in the hospitals of Sicily
and Tunis, of stations of report for the tests MRe computer-aided acquisition of the
images of IIF interpreted by the clinicians willaal to generate a quantity of data
accompanied with a collection of additional infotraa through questionnaires. The
Italian team, with its experience in medical imaginvill take care of the technical
support for the acquisition and the managemertiisfdatabase.

The development and the validation of a softwareeaiding of images of IIF
adapted to the diagnosis of autoimmune diseasesy ubie systems of artificial
intelligence and a wide library of images acquireda digital format, constitute a
rather innovative approach, because there is ndlabl@a exhaustive digital IIF
database for the scientific community and the cdmpsystems for the help to the
tests IIF, at present available, are rare and aselof development. While, the need in
this type of software is real because the integpit of the IIF is subjective and
requires a double reader. Furthermore, this tymofivare is adaptable to the distance

teaching and to the auto-learning.

2.2 Database of A.l.D.A. project

The database inherent to the project includes angscof the patients (data and
images) collected from the various tests of lalmoya{ANA, AMA, ASMA, ANCA,
APCA, EMA, etc.) with the consequent use of theiouss types of substrata (HEp-2
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Chapter 2 2.2 Database of A.I.D.A. project

and tissues). For the purposes of this thesis thielydata concerning the determination
of the ANA tests have been used, by using as sathstrthe epithelial cells of human
laryngeal carcinoma (HEp-2, American Type Cultu@l€ttion CCL 23), in which
the expression and the integrity of the clinicalignificant antigens will be guaranteed
(see Appendix A).

Fluoroscopic images have been acquired for alp#reons included in the survey
to whom it is suspected the presence of an automendisease and for all the persons
in the centers associated to the project. The da&bwill contain all clinical
informations about the patient.

To prepare the sample the following procedure leas applied:

1. In every session (in the first blade) a positveatrol and a negative control have
been inserted,;

2. Dilution of the sample 1:80 in PBS 0,01M, pH;7,2

3. Incubation of sample diluted (25-30 pL) and tmntrols (25-30 pL) with the
substrate of HEp-2 cells for 30’ at room tempemiara wet room;

4. Three washes of 5' with PBS;

5. Incubation with the conjugated anti-IgG FITC &% pL) for 30" at room
temperature in a wet room;

6. Three washes of 5' with PBS;

7. Assembly of blades in the glycerol in 10 % inSPBith a small strip.

The reading of fluorescence microscope has beere mdtth a magnification of
40X. The regions of interest of every fluoresceattgrn have been acquired by a CCD
camera with a 1280x960 pixels resolution in TIFF JBEG format. During the
acquisition of images, areas full of HEp-2 cellswued the central region of the
image. For every well (except CN and CP) threeed#ifit images to the purpose of a
“double reading” have been acquired.

The fluorescence intensity, as already indicatedaragraph 1.2, is scored semi-
quantitatively from O to 4+ according to the intén®f a negative (0) and a positive
control (4+), following the guidelines establishieg the Centers for Disease Control
and Prevention in Atlanta, Georgia (CDC) [54]:

4+: brilliant green (maximal fluorescence);
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3+: less brilliant green fluorescence;
2+: defined pattern but dim fluorescence;
1+: very subdued fluorescence.
0: negative
At this moment, the identified patterns have bdagsified according to the Table
2.1:

Table 2.1: List of images and patterns of AIDA dathase

PATTERN NUMBER OF IMAGES
Centromere 51
Coarse Speckled 74
Fine Speckled: 111
Nuclear Homogeneous 308
Few Nuclear Dots 19
Nucleolar Clumpy 32
Nucleolar Homogeneouys 40
Nucleolar Speckled 3
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2.3 The MIVIA public database

The http://mivia.unisa.Mvebsite offers a database of Indirect ImmunoFluwmEese

(IIF) images. It is the outcome of a research mmtojeintly conducted by the Mivia
Lab of the University of Salerno and the Universiigmpus Biomedico of Rome, with
the financial support of “Regione Campania” withiime project “Classification of
Immunofluorescence Images for the Diagnosis of mamoune Diseases”. In this
website there is an annotated database of |IF imayguired using slides of HEp-2
substrate at the fixed dilution of 1:80, as recomdael by the guidelines.

IIF slides are examined at the fluorescence micopsc and their diagnosis
requires both the estimation of fluorescence intgremd the description of staining
pattern. The former is scored semi-quantitativeithwespect to both positive and
negative controls contained in each slide and drapse fluorescence intensity is
divided into three classes, named negative, intdiade and positive. The latter
suggests the localization of reactive nuclear amsgand may help clinicians in
differential diagnosis of six pattern (homogeneduse speckled, coarse speckled,
nucleolar, cytoplasmatic, centromere).

Specialists took HEp-2 images with an acquisitionit uconsisting of the
fluorescence microscope (40-fold magnification) med with a 50W mercury vapour
lamp and with a digital camera. The camera has B @@h squared pixel of equal
side to 6.45 um. The images have a resolution 8828038 pixels, a colour depth of
24 bits and they are stored in bitmap format. Spsts manually segment and
annotate each cell at a workstation monitor sindbefluorescence microscope is not
possible to observe one cell at a time, and redatd on fluorescence intensity
(according to the three classes reported abovégrpalaccording to the six classes
reported above) and mitosis phase. Firstly, a biboa¢ engineer segmented the cells
by the use of a tablet PC. Subsequently, each imagereviewed and annotated by a
medical doctors specialized in immunology.

For each image the database provided a descrifieorontaining:

» Image’s pattern and intensity;
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= Objects seed points;

= Objects class: cell, mitotic cell, artefact (dueskides preparation process);

= Objects pattern (if is a cell): homogeneous, fipeckled, coarse speckled,
nucleolar, cytoplasmatic and centromere.

The composition of the database is described iteTal.

Table 2.2: List of images of public database MIVIA

PATTERN NUMBER OF IMAGES
Centromere 6
Homogeneous 5

Fine Speckled 4

Coarse Speckled 5

Nucleolar 4
Cytoplasmatic 4

2.4 Characteristics of proposed method

The purpose of the proposed method is to allowrdw®gnition of centromere
patterns. The method is based on the grouping oframeres present in the cells
through the application of the K-means clusterilggathm.

The first step of the method is the reading ofithage: images coming from the
fluorescence microscope and acquired by a CCD @mefIFF or JPEG format are
RGB images with a preponderance of Red or Greerpoaent in accordance with the
wavelength of the light re-emitted by the fluoredcmarker. The images present in
AIDA database and in MIVIA database have a prepomt=e of Green component.

An advantage of the proposed method is its appdicdioth to images with a low
fluorescence intensity and to images with high masgence intensity. It is interesting

to show the difference in spatial distribution aflaured components for an image

38



Chapter 2 2.4 Characteristics of proposed method

with low fluorescence intensity and an image withhigh fluorescence intensity, both
belonging to the AIDA database. An example of amgm with low fluorescence
intensity is showed in Figure 2.1.

Figure 2.1: Example of an image with low fluorescere intensity

The Figure 2.2 shows the spatial distribution @&f tiree component for the image
in Figure 2.1.
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Figure 2.2: Spatial distribution of coloured compornts for a low fluorescence image: A) Red; B) GreelC) Blue
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An example of an image with high fluorescence isiignis showed, instead, in
Figure 2.3, and the Figure 2.4 shows the spatsitridution of the three coloured

components.

Figure 2.3: Example of an image with high fluoresagce intensity
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The observation of the spatial distribution of theee components of the RGB
images confirmed us that the information aboutftherescence intensity is mainly
contained in the Green component, so we focalizeebtes on this component only
by converting the RGB images in grey images withoss$ of information.

The second step of the method is the preprocessitige image which allows to
automatically obtain the number of the cells aral ¢hordinates of their centroids; as
will be explain in Chapter 3, this operation is @&gary to obtain the seeds for the K-
means algorithm.

The first operation executed in the preprocessimase is the contrast adjustment
of images: starting from an image like that in Feg@.5a) which is converted in a grey
image, a method which implements a technique catladrast-limited adaptive
histogram equalization (CLAHE) is used. CLAHE operates on small regionghe
image, callediles, rather than on the entire image. Each tile'srashis enhanced, the
neighbouring tiles are then combined using bilineaterpolation to eliminate
artificially induced boundaries. The contrast, €géy in homogeneous areas, can be
limited to avoid amplifying any noise that might ppeesent in the image.

After this operation, assuming the bright objectsthe centromeres, it is possible

to identify groups of pixels that are significantlyigher than their immediate

surrounding (Figure 2.5b).

b)

Figure 2.5: a)Example of a centromere image; b) Inge after contrast adjustment with CLAHE
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To find the centroids of cells, morphological opinas (see Appendix B) like
dilate and holes filling are applied allowing objects to expand, connectgjoint
objects and filling in small holes and then, acaaogdo the literature, cells on board of
slides are removed, because they can be artefadesmaged. Finally, regions smaller
than an_Areathreshold (fixed during the tuning phase whichl veé described in

Chapter 3) are removed also, to obtain an imagethilat shown in Figure 2.6.

Figure 2.6: Centromere image afterilation and holesfilling operation, with centroids

After this phase of preprocessing, it is possibledtermine the coordinates of the
centromeres belonging to the useful cells of thagenand apply on them the K-
means algorithm, which will be described in thetn@ragraph.

The application of the K-means has as result tmebau of elements belonging to
the clusters and their relative centers: amonghaliclusters, only those containing the
correct number of centromeres will be selected.

To avoid clusters too large compared to a real eglbther selection on clusters
will be made based on the dimension of a cell, eglas the length of the Major Axis
of an equivalent ellipse, which is another parameetermined during the tuning

phase of the algorithm.
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The final step of the method is the counting of teenaining clusters: if the
number of clusters, i.e. the cells, is equal oagthan a threshold called CUthe
image is classified as centromere.

As already explained, the tuning phase of the dlgorfor the parameter Area,
Major Axis and CUT will be described in detailsGmapter 3.

The steps of the algorithm just described are shbrigfly in the flow-chart in
Figure 2.7.
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Input = Image

Reading and
preprocessing phases
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Objects segmentation

Finding cluster with a number of objects
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“Centromere cells not found”

End

Figure 2.7: Flow-chart of proposed method
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2.5 Clustering algorithms

Since an important part of the proposed methocs$ed on a clustering algorithm,
in this paragraph will be presented the generatadteristics of these algorithms and
of K- means in particular.

Generally, clustering is a classification imposedtset of objects based on their
characteristics [79]. There are many field of agadion of cluster analysis: biology,
psychology, archaeology, marketing. In computeersme and engineering, cluster
analysis is used in pattern recognition and imagegssing, in unsupervised learning,
vocal recognition, images segmentation.

As example, suppose we want to cluster four stagite 2.8):

KKKk

Figure 2.8 Example of objects to cluster

Stars A, B, C have same size, stars A, C, D hane smlour, stars A and C have
same size and colour. Size and colour are two ctarstic (features) of objects “star”
which can be measured and depicted as coordimatetenture space. The relationship
between objects or their features may be repreddryts milarity, which has values in
the interval [-1,1] or, if it is normalize, in theterval [0,1]. Similaritys; between
featurei and featurg can be measured in many ways, depending from measales
or data. Complementary to similarity idissimilarity dj which measures the
differences between objects based on their featufé® relationship between

similarity and dissimilarity is:

§=1-d; (2.5.1)
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Thinking to the objects as points indadimensional metric space in which every
dimension is a feature, it is possible to depie&t thlationship between objects as a
pattern matrix it objects withp features) or a proximity matrix, which contain® th

information on similarity or dissimilarity (Figur29).
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Figure 2.9 a) Pattern matrix (n objects with p featires); b) Proximity matrix (similarity or dissimila rity)

Measuring similarity or dissimilarity of objects mends from the variables that
characterize the objects: there are objects claraetl by binary variables (Yes and
No, True and False, Positive and Negative, etc..ominal variables (Male and
Female), ordinal variables (first, second, thirtf;.e), quantitative variables (cost,
time, weight, etc...). Usually, dissimilarity isst&r to measure than similarity because
we can think to dissimilarity as “distance” in thiltidimensional features space, so it
Is possible to calculate dissimilarity as Euclideigtance:

=13 [

k=1

(2.5.2)

Clustering methods belong to two great groups: angdrical and partitional
methods. Hierarchical clustering uses only proxmiatrix (Figure 2.9a), instead
partitional clustering uses pattern matrix (Fig@rgb). These classes will be described

briefly in the next paragraphs.

2.5.1 Hierarchical clustering

A hierarchical clustering is a sequence of pariitia which each partition is

nested into the next partition in the sequence. rBsalt of a hierarchical cluster is
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depicted by aendrogram, which allows to visualize how many objects wer@g¢d or

separated during the process (Figure 2.10)

Chasters x X
1(x,).(x,),(x3).(x).(x5))
{(xi,xz),(xg'),(xq);(’(j)} LJ

(Gxyxz), (g% ). (%))

{02y, %,. "3"‘.,3-(“53}

1(x],x2,x3,x‘,x"))

Figure 2.10 Example of a dendrogram

Partition with r clusters can be used to createaditpn with r-1 clusters
(agglomerative clustering) or with r+1 clusters vi{sive clustering). Union or
separation between clusters is made consideringdisiance, in features space,
between clusters. The process stops when it isdftium desired number of clusters or

a limit on clusters diameter.

2.5.2 Partitional clustering

The non-hierarchical clustering methods are capaditional clustering. They
generate a single partition of the data tryingejoroduce the natural groups present in
the data. The problem of this kind of clusteringoaithm is to find the correct
partition of the data so that objects belonginghe same cluster are more similar
between them than to object belonging to otheretas

Partitional algorithms are applied in ROI extrantiprocess [80} [83] or in
image segmentation [84].

K-means algorithm is an example of partitional tdusg [85]: starting with a set

of n objectx;, to cluster inc groupsG;, the algorithm selects randomtyobjects as
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initial seeds and assigns the objextdo the cluster if it is closer to the cluster
centroid ¢; than to other centroids; then, new centers ofteigsare calculated

according the equation 2.5.3

C :izn:xj (2.5.3)

The objects are assigned again and the processpeated iteratively until a
minimum of an objective function based on Eucliddatance between the object and
the cluster centroids is reached (Figure 2.11).

Performances of K-means algorithm depend on initi@iice of centroids, and the
algorithm requires to know priori the number of partition to find. Indeed, the K-
means algorithm has good performances with sfectadters, for this reason we

chosen it to use in our application.
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Figure 2.11: Example of evolution of K-means algotihm

2.6 Figures of merit

Suspecting a disease, a doctor generally can ma&kewomore hypotheses based

on the anamnesis and the objective examinationh ®ypotheses are submitted to
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verification through investigation-test, but suchrifications are hindered by an
intrinsic percentage of error in every test usadact, patients submitted to test A for
the suspect of disease X candyaosteriori:

= true positive (TP): the test is positive and there is illness;

» true negative(TN): the test is negative and there isn’t illness

» false positive(FP): the test is positive but there isn't iliness;

» false negativg(FN): the test is negative but there is illness;

It is possible to define th&enshility as the ability of the test to identify the

presence of the illness:

i TP
Sensibility=7p: N (2.6.1)

Sensibility and FP define the reliability of thestiequantifying the tendency to
result positive in the sick subjects and negativehie healthy subjects respectively
[86].

In our case, to test the proposed algorithm wenddfithe following figures of

merit;

numberof imagesecognizeadtentromere
totalof centromerémages

Sensibility _images =

numberof cellsrecognizeadentromere
totalof cells

Sensibility_cells) =

FPmages = Number of images recognized centromeres (whenirttage is not
centromere)

FP.eis = number of cells recognized centromeres (when ithage is not
centromere)

TP+ TN
TP+TN+FF+FN

Accuracy=
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3.1 Preliminary tests

The first step of the research activity was a prelary testing of the proposed
method on images coming from IIF tests on HEp-2sceked to research and
identification of antinuclear autoantibodies (ANAnd its validation based on the
figures of merit defined in the paragraph 2.6.

The method was applied on centromere pattern, ctesized by several discrete
speckles (between 23 and 46) distributed throughbat interphase nuclei and
characteristically found in the condensed nucléaomatin during mitosis as a bar of
closely associated speckles.

The database used for the preliminary testing wasposed of the following
patterns:

Table 3. 1 Database used for preliminary testing

Pattern | Nr. of images

Centromereg 10
Nucleolar 18
Other 5

Because of the limited number of images used fergiteliminary test, the error
bars were really elevated (~ 3/10), so they havwebaen represented in the following
graphics.
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The algorithm classifies an image as centromerie find almostn centromere
cells, withn major than a threshold defined CUT The value ef @UT was variable
in the interval [2, 10].

To test the performance of the proposed algoritien first figure of merit valued
was the Sensibility_images, defined as:

numberof imagesecognizeadentromere
totalof centromeré@mages

Sensibility_images =

The Figure 3.1 shows the Sensibility imagegersus the CUT: as showed in the
graphic, the algorithm had a constant value of Béitg of 10/10 until the CUT = 6
and a constant value of Sensibility of 9/10 fromTCt7 until the CUT = 10.

Sensibility__images (%) vs. Cut

100r- L ] ® [ ] L
80r
60r

40

Sensibility__images (%)

20

00 2 4 6 8 10
Cut

Figure 3.1: Graphic of Sensibility_images vs Cut

Another figure of merit valued was the Sensibildglls defined as:

numberof cellsrecognizedentromere
totalof cells

Sensibility_cells) =
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3.1 Preliminary tests

The Sensibility cellsy was evaluated by repeatedly applying the algorittm

each centromere image: in Figure 3.2 is showedkasgle the graphic af obtained

for one of the centromere images.
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Figure 3.2: Graphic of Sensibility_cellsy
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The graphic in Figure 3.2 has underlined a rand@sine clustering process,

which has represented one of the problems factdteisubsequent phases of algorithm

upgrading.

Even theFP.s ( number of cells recognized centromeres when riege is not

centromere) has been drawn: the result is showEdyure 3.3.
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Figure 3.3: Graphic of FR.s for not centromere images

90

54



Chapter 3 3.1 Preliminary tests

The expected result was ER = 0, but the graphic showed that the number of
centromere cells found in not centromere images teashigh: observing one of the
images used to obtain this graphic (Figure &.4it's possible to note that the first
version of the algorithm was really influenced Ihe tnoise present in the image

(Figure 3.4b), as a consequence of an over segmentation.

a) b)
Figure 3.4. a) Original nucleolar image; b) Segmeet image

FPmages (the number of images recognized centromeres whenmage is not
centromere) was evaluated for every pattern diffefie@m centromere. As example is
showed in Figure 3.5 the RRyesfor nucleolar pattern which was dependent from
CUT.
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vs CUT

images

3.1 Preliminary tests
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Figure 3.5: Graphic of FRnagesfor nucleolar pattern vs. Cut

Finally, to test the segmentation properties of dlgorithm, it was depicted for

centromere images the number of segmented objespiseéenting the centromeres)

versus the number of cells in the images (Figug &ince a centromere cell contains

from 23 to 46 centromeres, starting with N cellsamimage it is expected to visualize

from N*23 to N*46 segmented objects. Graphics ingufe 3.6 show the

proportionality region.
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Figure 3.6: Graphic of nr. of segmented objects vsir. cells: a) with mitotic cells; b) without mitatic cells
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The graphic in Figure 3.6 a) showed a bad propaatity between the number of

cells presented in an image and the number of ssigoheobjects and a different

correlation from that expected; a first explanagoobably comes from the presence in

the images of mitotic cells, labelled by the algon as a single object (like a

centromere) (Figure 3.&@ and b. In fact, as a confirmation of this hypothesigjufe

3.6 b) showed the graphic of Figure 3.6 a) obtawmitdout mitotic cells.
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Figure 3.7: A mitotic cell underlined in: a) Original centromere image; b) The same image after segmtation process

Anyway, mitotic cells cannot be removed from ang@decause their presence is
characteristic of centromere patterns.

Considering this preliminary results, the subsetusrdifications to the algorithm
have concerned the elimination of the randomnees fclustering process, the

upgrade of the properties of segmentation and eisemeduction.

3.1.1 Algorithm revisions

The first problem to deal with was the randomnéssexplained in paragraph 2.5,
the K-means algorithm is an iterative algorithm evhstarts with a random partition
selectingc points as initial seeds and assigning the obgectbe closest center; then,
new centers of clusters are calculated accordintgdcequation 2.5.3 and the objects
are assigned again until a minimum of the objectivaction is reached. So,
performances of K-means algorithm depend on initiglice of centroids.

To overcome this problem a preprocessing phasem@smented.

The preprocessing phase, constituted, as alregugie&d in paragraph 2.4, by a
contrast adjustment algorithm followed by morphatay operation, allowed to
automatically underline and count the cells: thetrmed of every cell was found and

used as seed to K-means clustering.
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Chapter 3 3.1 Preliminary tests

To verify if the randomness has been removed, tkasiSility cellsn for
centromere images was evaluated again, as in FRjdreand the result is shown in
Figure 3.8:

Sensibility__cells (%) vs. Iteration
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Figure 3.8: Graphic of Sensibility_cells for a centromere image

It is possible to note that the number of centrareells found on the image is
constant, so using the position of cells as seadthé K-means allowed to remove the
randomness.

The preprocessing method, with the contrast-limitadaptive histogram
equalization and the following operations, alloneddo to remove the noise in the
images. In fact, the originally threshold operat@mmimages based on Otsu’s method,
which chooses the threshold to minimize the ingrslvariance of the black and white

pixels [90], wasn’t able to segment correctly tleiscand their centromeres.
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Chapter 3 3.1 Preliminary tests

¥ Figure 3.9: a) Image segmented with Otsu's mel:t:odix) Image segmented with CLAHE method

Comparing Figure 3.9a and Figure 3.9b as exampléh@fsegmentation with
Otsu’'s method and with CLAHE method respectivelyjsi possible to note that
applying CLAHE on an image allows to enhance cenées and to distinguish better
mitotic cells.

It is possible to underline the advantages cominghfthe revised version of the
algorithm also by showing the graphic of fPobtained for not centromere images:
representing on the same graph in Figure 3.10 #iselts obtained with the first
version of the algorithm and the results obtainath ihe revised version of the

algorithm it is possible to note that in the las$e the FRs IS near zero as expected.

FPce”S vs. Nr. of cells on images
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Figure 3.10: Comparison between the FRis obtained wih the old and the modified algorithm
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Chapter 3

3.1 Preliminary tests

Regarding the segmentation properties of the dlgaori we remember that the

graphic in Figure 3.6a had showed a bad propofityrizetween the number of cells

presented in an image and the number of segmebjedt® and a correlation different

from that expected. In the upgrade version of {gerdhm, the segmentation method

was modified: as already explained, the applicabbrihe contrast-limited adaptive

histogram equalization (CLAHE) with the morpholagjicoperations (dilation and

holes filling), allowed to segment correctly thdl€end their centromeres. Valuing

again the number of segmented objects versus themof cells in an image, we

obtain the result shown in Figure 3.11.
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Figure 3.11: Graphic of nr. of segmented objects vsr. of cells

The Figure 3.11 shows the expected proportiondigyween the number of

segmented objects (the centromeres) and the nuvhbells in an image.

3.1.2 Tuning phase

The selected database of Tablel3as been also used to extract and tune all useful

parameters of the algorithm.

As described in paragraph 2.4, after the contrdgisement of images and the

morphological operations, on images objects smétian a cells are present (Figure

3.12) coming form segmentation process.
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Chapter 3 3.1 Preliminary tests

Figure 3.12: Example of image after preprocessinghase: small objects are visible

These objects may create many problems in thewollp phase of the process,

because they can be erroneously considered likeoreeres, so they have to be

removed. To this purpose, the area (i.e. the nurobggixels) of all objects in all

images was evaluated, obtaining the following pfogure 3.13):
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Figure 3.13: Plot of Area of all objects in the imges
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Chapter 3 3.1 Preliminary tests

Observing the plot of the values of Area, an AreB00 px is chosen as threshold:
regions smaller than this threshold are removedioioly the image shown in Figure
3.14

Figure 3.14: Image after the remotion of small objets

After the elimination of small objects, from thellseremained in images (see
Figure 3.14) theeccentricity has been extracted: this parameter is the ratithef
distance between the foci of the ellipse havingsidmme second-moments as the region
and its major axis length. The value is betweemd & an ellipse whose eccentricity
is O is actually a circle, while an ellipse whoseentricity is 1 is a line segment. The

eccentricities distribution is shown in Figure 3.15
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Chapter 3 3.1 Preliminary tests
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Figure 3.15: Histogram of eccentricities

The mean value of eccentricities with its standbrdation is:

eccentriCityhear (0.74 £ 0.14)

The results suggested that the cells have an ailligisform, so a scalar specifying
the length (in pixel) of the Major Axi®f the ellipse has been extracted from all
regions. This parameter is used as control pararf@téhe clustering process: in fact,
even if a cluster contains the correct number oeméres, its dimension cannot
overcome that of a centromere cells.

The distribution of the major axis lengths is shdwe Figure 3.16. The mean

value of major axis lengths, chosen as controlmpatar, with its standard deviation is:

Major axis lengthean= (65 = 30) px

63



Chapter 3 3.1 Preliminary tests
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Figure 3.16: Histogram of major axis lengths

Finally, observing the graph of Sensibility_imagegersus the parameter CUT
(Figure 3.1), we fixed for the testing phase theapeeter CUT = 5. because for highest

values the Sensibility starts to decrease.
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Chapter 3 3.2 Results and Discussion

3.2 Results and Discussion

After the revision and the tuning processes, it basn possible to test the
algorithm on the entire dataset acquired thankthéoA.l.D.A. project. Indeed, the
algorithrm has been tested also on the public datbaresent on the

http://mivia.unisa.itvebsite.

3.2.1 Results of test on A.l.D.A. database

To test the proposed algorithm we used the figofaserit defined in paragraph
2.6:

numberof imagegsecognizeadtentromere

Sensibility_images = _
totalof centromerémages

numberof cellsrecognizeadentromere
totalof cells

Sensibility_cells) =

FPmages =NUumMber of images recognized centromeres (whenirttege is not
centromere)

FP.eis = number of cells recognized centromeres (when ithage is not
centromere)

TP+TN
TP+TN+FF+FN

Accuracy=

The database for the testing phase contains tleeviog images (Table 3.2):

Table 3.2: List of images used for the test set

PATTERN NUMBER OF IMAGES
Centromere 41
Coarse Speckled 74
Fine Speckled 111
Nuclear Homogeneous 308
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Chapter 3 3.2 Results and Discussion

Few Nuclear Dots 19
Nucleolar Clumpy 32
Nucleolar Homogeneous 40
Nucleolar Speckled 3
Other 65

The recognition ofn centromere images oved real centromere images is

referable to a binomial distribution characteribgda probability p defined as:

In our case, the probability p is the Sensibiliggs than 1, and is the number of
centromere images (or cells) correctly selectedheydoctor. So, the associated error

to the expected valueis

g, =4 Np(l-p)

And then to the Sensibility is associated the error

o =[PP
N

The value of Sensibility_images, i.e. the numbeceaftromere images correctly

recognized, is
Sensibility_images =37/41 =905 %

The Sensibility_cells; was evaluated for each centromere image and Hust iie

depicted in Figure 3.17.
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Chapter 3 3.2 Results and Discussion

Sensibility__cells (%) vs. Nr. of cells in the centromere images
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Figure 3.17: Graph of Sensibility_cells for centrorare images

It is possible to note in Figure 3.17 that the $mity cells values range over an
interval starting from about 5% to 70%.

To understand how a different choice of parametefT Gmay determine a

variation in the Sensibility, we show in Figure 8the graph of Sensibility_cells with

a polygonal going through the value relative taxad number (equal to the value of

CUT)

of 5 recognized centromere cells in each image

This polygonal allows to separate two regions:régon A, above the polygonal,

to which belong all the centromere images correctbssified, and the region B,

below the polygonal, to which belong all the centese images lost.
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.18: The Sensibility_cells for centromerennages with the polygonal relative to 5 recognizeceatromere cells in each image
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Chapter 3 3.2 Results and Discussion

Then, a variation in the value of parameter CUT nrayease or decrease the
number of centromere images correctly classifiedl @na consequence the Sensibility
of the method, as it is possible to understand #vanks to the Figure 3.19 in which it
is shown directly the number of centromere celisfbin each image with the straight
line correspondent to a CUT =5, which is the valbhesen as threshold for classify an

image as centromere.
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Figure 3.19: Graphic of the number of recognized agromere cells in each image with the straight lineelative to CUT =5

The values of FRs for not centromere images are indicated in thdeTals.

Table 3.3: Values of FRys

PATTERN FPeelis

Coarse Speckled 69 (on 2095 cells)
Fine Speckled 38 (on 2012)
Nuclear Homogeneous 74 (on 8773
Few Nuclear Dots 0 (on310)
Nucleolar Clumpy 0 (on 494)
Nucleolar Homogeneouys 0 (on 909)
Nucleolar Speckled 0 (on 56)
Other 157 (2159)

All 338 (on 16808)
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Chapter 3 3.2 Results and Discussion

The FRnagesare evaluated for every pattern different fromtammere and for all

patterns. The results are reported in the Table 3.4

Table 3.4: Values of FRages

PATTERN FPimages
Coarse Speckled 3 (on 74 images)
Fine Speckled 1 (on 111)
Nuclear Homogeneous 1 (on 308)
Few Nuclear Dots 0 (on 19)
Nucleolar Clumpy 0 (on 32)
Nucleolar Homogeneoys 0 (on 40)
Nucleolar Speckled 0 (on 3)
Other 6 (on 65)

All 11 (on 588)

The last figure of merit evaluated is the Accurémyimages, whose value is:
Accuracy = (98.0 £ 0.5) %

In which the error is calculated with the formula

5 - [P@=P)
P N

3.2.1 Results of test on MIVIA public database

The method was tested also on the MIVIA public dat®e, present on the

http://mivia.unisa.itwebsite, an annotated database of IIF images, @rhuwising

slides of HEp-2 substrate at the fixed dilutionla80, as explained in Paragraph 2.3.
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Chapter 3 3.2 Results and Discussion

The results of application of the method have bemmpared with the results of the
first edition of the HEp-2 Cells Classification GQest held at the International
Conference on Pattern Recognition in 2012, whichcuséed on Indirect
Immunofluorescence (IIF) image analysis: 28 différeecognition systems able to
automatically recognize the pattern of cells withkhimages were tested on the same
undisclosed dataset [93]. In this occasion, the MI¥atabase was divided in training
set and test set according to the Table 3.5, angrayposed method was tested on the

images belonging to the test set only.

Table 3.5: Number of images (cells) for the trainig set and the test set

Training set | Test set
Centromere 3 3 (149)
CoarseSpeckled 2 3 (101)
Fine Speckled 2 2 (114)
Homogeneous 3 2 (180)
Nucleolar 2 2 (139)
Cytoplasmatic 2 2 1)

The participants to the Contest received the tngisiet with the original images of
the cells already segmented by specialists. Thenparticipants used the training set
to tune their HEp-2 cells classification system #meh they released the executable
for the independent evaluation on the test setallyinthey ran all the submitted
executables on the test set collecting the results.

Our method instead automatically segments the oeldl images, obtaining the
same number of cells almost in the same locatiothaf sesgmented manually by the

specialists of the Contests, as it is possibleos®ove in the Figure 3.20.
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Chapter 3 3.2 Results and Discussion

+  Automatically detected by our method
Segmented by the specialist for the contest

Figure 3.20: Comparison between the position of theells found by the proposed method and by the spatists

Since our method allows to recognize the centrorpat&ern, only the results of
the Contest regarding the centromere pattern witdnsidered in the following.

To verify the properties of the proposed algorithithe figures of merit
Sensibility _cells has been evaluated. The figure@nefit Sensibility images has not
been considered here because the algorithms oCtmeest are algorithm of cells
recognition. Anyway, according to our parameten, algorithm allows to recognize
all the centromere images of the test set.

Moreover, according to the HEp-2 Contest, evenfitpere of merit Accuracy,
defined as

TP+TN
TP+TN + FF+FN

Accuracy =

has been evaluated.

The value of Sensibility_cellg for centromere images of the test set for our
algorithm is:

Sensibility_cells) (centromere images) = (66 + 4) %
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Chapter 3 3.2 Results and Discussion

The Figure 3.21 shows the Centromere cells Seitgilachieved by all the

considered methods.

Sensibility_cells for centromere images
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Figure 3.21: The Centromere cells Sensibility on thtest set for all the methods

The values of FRs € FRnagefOr our algorithm are indicated in the Table 3.6.

Table 3.6: Values of FReis and FRmages

FPeeis FPimages
CoarseSpeckled| 0 (on 101 cells) 0 (on 3 images
Fine Speckled 0 (on 114) 0 (on 2)
Homogeneous 0 (on 180) 0 (on 2)
Nucleolar 0 (on 139) 0 (on 2)
Cytoplasmatic 8 (on 51) 1 (on 2)
All 8 (on 585) 1 (on 11)

The value of Accuracy is:
Accuracy = (92+£1) %
The Figure 3.22 shows the centromere cells redognéccuracy achieved by all

the considered methods.



Chapter 3 3.2 Results and Discussion

Centromere cells recognition accuracy on the test set

Figure 3.22: The Centromere cells recognition accacy on the test set obtained by all the methods

It is possible to note that the value of Accuradtamed by our method is
comparable with the best results of the contess.ilhportant underline, however, that
our method automatically segment and count the peéisent in the images, while the

participants to the contest received the trainigtgngth the cells already segmented.
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Conclusions and perspectives

The aim of this study was to develop an automatethod of centromere pattern
recognition to support the IIF diagnosis of autoioma diseases. The proposed method
is based on the grouping, through a clustering rdalgn, of the fluorescent
centromeres present on the cells.

After a phase of preliminary testing useful to she@me initial problems, the
corrected and improved version of the method waseteon the database of IIF
images collected thanks to the project A.l.D.A. anda public database present on the

http://mivia.unisa.itvebsite.

The performances of our method was evaluated thralig following figures of

merit:

numberof imagegsecognizeadtentromere
totalof centromerémages

Sensibility_images =

numberof cellsrecognizeadentromere
totalof cells

Sensibility_cells) =

FPmages =NUumber of images recognized centromeres (whenirttege is not
centromere)

FP.eis = number of cells recognized centromeres (when ithage is not
centromere)

TP+ TN
TP+TN+FF+FN

Accuracy=
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The results of the test on the A.l.D.A. databasengld a Sensibility images of
(90 £ 5)%, a Sensibility cells variable in the m&d [5%, 70%], a FRs of 338/16808
and a FR,ages0f 11/588; the value of Accuracy was (98.0 + 0.5)%

The results of the test on the MIVIA database slibav&ensibility cells of (66
4) % for all centromere images, acgPof 8/585 and a FR.ges0f 1/11. The value of
Accuracy was (92 + 1) %.

Comparing these results with the results obtainedhe same database by the
participants to the HEp-2 Contest it is possiblenmte that our method has a
centromere cells recognition Accuracy comparabld wie three best values obtained
by participants. Indeed, it is important underlthat our method allows an automatic
segmentation and counting of the cells presertienimages, while the participants to
the contest received the training set with the inalgimages of the cells already
segmented by specialists.

Moreover, it is important to underline that the pweed method achieved
encouraging results on AIDA database and on MIVBattase considering only the
centromeres position as feature for the K-meams, making clusters only in the
Euclidean space.

Being based on these considerations, one of theoéifature works will be to
increase the number of features to further imptbeeesults.

To make the proposed method suitable for applinatica CAD system, it will be
necessary to test and apply it on pattern diffefesrh centromere. One of the next
application will concern the nucleolar pattern, rettdéerised by large coarse speckled
staining within the nucleus, from four to six inmier per cell.

Moreover, other classification methods will be ¢glsand compared, like neural
networks or support vector machines, trying tothgen even in parallel to make faster

the process of pattern recognition.
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Appendix A: Structure of HEp-2 cells

Immunofluorescence patterns seen on individual BEells are related to the
cell cycle. For instance, patterns that are unigueells in mitosis will be restricted to
cells in that phase of the cycle. Since most padtare seen with cells in interphase,
HEp-2 cells should be largely at this stage. Ienphbase, the chromosomes form a
fibrillar network of chromatin, more or less unifaly distributed throughout the
nucleoplasm and delimited by the nuclear membr&wy the nucleoli are well
differentiated. Cytoplasmic organelles and fibr@tisictures are most visible at this
stage and tend to largely disappear or change dippiearance during mitosis (Figure
A.1).
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Figure A.1: The cell during the interphase
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The nuclear envelope is the membrane that maintiesintegrity of the
nucleoplasm during interphase. The endoplasmicuietin is an extension of this
envelope, which projects into the cytoplasm. Thare three distinct layers: the
nuclear lamina, the inner and the outer nuclear bbmanes. Linked to these are nuclear
pore complexes and the ribosomes are attachee totgh endoplasmic reticulum.

Mitosis occurs during 10% - 15% of the cell cycledais divided into five
successive phases: prophase, prometaphase, metaghaghase and telophase.

During prophase, DNA condensation gives rise toappearance of individual
chromosomes whilst the nucleolar contents are ibliged throughout the
nucleoplasm. Meanwhile, the mitotic spindle formsued the nucleus and terminates
at the polar centrioles (or centrosomes). The mit@pindle is composed of
microtubules and associated proteins.

During prometaphase, the nuclear membrane disarmsthen disappears. The
chromosomes attach to the mitotic spindle via tihetkchores which have formed on

the chromosome centromeres.
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Figure A.2: Diagram showing the location of the cemomere proteins

Metaphase is characterised by the localisatioroafiensed chromosomes at the

equatorial plane of the spindle apparatus throbglattion of microtubules.
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In anaphase, each pair of chromatids splits atémeromere and the chromatids
migrate separately to each pole of the spindle.rdtibules disappear at the end of
anaphase as the chromatids reach opposite palles ofitotic spindle.

In telophase the nuclear membrane re-forms aroacti ef the two daughter
nuclei. The nucleoli reappear and the chromosoraesrhe decondensed in the newly
re-formed nuclei.

The centromere pattern is characterised by sedesatete speckles distributed
throughout the interphase nuclei and characteaistifound in the condensed nuclear
chromatin during mitosis as a bar of closely asded speckles. The pattern is
primarily found in CREST syndrome (Calcinosis, Rayd's phenomenon, Esophageal
dysmotility, Sclerodactyly and Telangiectasiasipifd variant of progressive systemic
sclerosis of which approximately 55% are anti-cemire antibody (ACA) positive.
The centromere proteins are located at the innéroarer kinetochore plates (Figure

A.2), which interact with the mitotic spindle apgars during mitosis.
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Appendix B: Morphological operations

Mathematical morphology is a tool for extractingaige components useful in
representation and description of region shape. Emguage of mathematical
morphology is set theory: sets in mathematical molggy are objects of an image. In
fact, some basic concepts of morphological opanatiee based on operation coming
from the set theory.

The two principal morphological operations ai#gation and erosion These
operations are fundamental to morphological praongsssince many of the
morphological algorithm are based on these two itixien operations [3]. Dilation
allows objects to expand, thus potentially fillimgsmall holes and connecting disjoint

objects (Figure B.1).

Historica certain computer Historically, certain computer
tten using programs were written using
¢ only two digits rather than
four to define the applicable
year. Accordingly, the

company's software may
an recognize a date using "00"
as 1900 rather than the year as 1900 rather than the year
2000, 2000.

a) b)
Figure B.1: Example of dilation operation: a) Inputimage containing broken text; b) Dilated image

Erosion shrinks objects by etching away (erodihgjrtboundaries (Figure B. 2).
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a) b)
Figure B. 2: Example of erosion operation: a) origial image; b) eroded image

These operations can be customized for an applicétly the proper selection of
the structuring element, which determines exactly lthe objects will be dilated or
eroded.

These two basic operations, dilation and erosiam, loe combined into more
complex sequences. The most useful of these fopmadwgical filtering are called
opening andclosing [92]. Opening consists of an erosion followed bglilation and
can be used to eliminate all pixels in regions the¢ too small to contain the
structuring element, closing consists of a dilafioliowed by erosion and can be used

to fill in holes and small gaps (Figure B.3).

a) b) c)

Figure B.3: a) Original image; b) Opening of a; cClosing of a

The order of operation is important. Closing anéropg will generate different
results even though both consist of erosion aratidii.
When dealing with binary images, the principal &ailon of morphology is

extracting image components that are useful inrdpeesentation and description of
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shape. In patrticular, it is possible to considerphological algorithm for extracting
boundaries or for region filling.

For example, the boundary of a set A can be oldamefirst eroding A by a
suitable structuring element and then performirgdét difference between A and its
erosion.

An operation of region filling is based on set tida, complementation and
intersection.

The majority of application of morphological contepnvolve binary images;
anyway, it is possible to extend the basic opematiof dilation, erosion, opening and
closing to grey-scale images too.
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