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RESUMO

Gabrielly Pereira Ribeiro; Dr; Universidade Vila Velha - ES; Julho 2023; Citometria De
Imagem: um método acessivel para realizar diagnéstico celular e controle de

qualidade confiaveis. Orientadora: Bianca Prandi Campagnaro.

A pratica de analise de células esté inovando constantemente, migrando para o uso de
midias com visualizacdo das laminas em formato digital. A analise quantitativa
automatizada de objetos de imagem € atualmente considerada uma 6tima opcao porque
a comunidade cientifica comprova que a interagdo homem-maquina tem o potencial de
reduzir o esforco humano e aumentar a confianca na tomada de decisdo algoritmica.
Aprendizagem de maquina é definido como um método que permite que computadores
aprendam com padrbes de dados para analisar e classificar fazendo previsdes
assertivas e melhorar continuamente os resultados. A analise manual de imagens tem
algumas limitacdes quando se trata de analise em massa, enquanto os slides de
imagens digitais sao interativos, faceis de compartilhar, envolvem menos tempo de
preparacdo e sao reproduziveis. Diante do crescente aumento de nUmeros de amostras
biol6gicas, se faz necessério o uso de uma metodologia automatizada para acelerar o
processo e conduzir mais analises em menos tempo. O objetivo do presente estudo foi
aplicar esta metodologia automatizada em diferentes areas da pesquisa cientifica,
demonstrando a versatilidade e desempenho com resultados confiaveis em um formato
acessivel para ser realizado em qualquer laboratério, uma vez que para realizar a

analise é preciso somente microscopia de luz, camera digital e um computador.

Palavras-chaves: CellProfiler; Citometria de Imagem; Analise Celular Automatizada.



ABSTRACT

Gabrielly Pereira Ribeiro; PhD; Vila Velha University - ES; July 2023; Imaging
Cytometry: an inexpensive method to perform reliable cell diagnosis and quality

control. Advisor: Bianca Prandi Campagnaro.

The practice of cell analysis is constantly innovating, migrating to the use of media with
slide visualization in digital format. Automated quantitative analysis of image objects is
currently considered a successful option because the scientific community proves that
human-machine interaction has the potential to reduce human effort and increase
confidence in algorithmic decision making. Machine learning is defined as a method that
allows computers to learn from data patterns to analyze and classify, making assertive
predictions and continuously improving results. Manual image analysis has some
limitations when it comes to mass analysis, while digital image slides are interactive,
easy to share, involve less preparation time and are reproducible. In view of the
increasing number of biological samples, it is necessary to use an automated
methodology to speed up the process and conduct more analyzes in less time. The
objective of the present study was to apply this automated methodology in different areas
of scientific research, demonstrating its versatility and performance with reliable results
in an accessible format to be carried out in any laboratory, since to perform the analysis

only light microscopy is needed, digital camera and a computer.

Keywords: CellProfiler; Image Cytometry; Automated Cell Analysis.
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objects (eliminating objects unexpected) a new count of the parameters was performed
and then data nuclei 2 was found, only these were exported to carry out the classification.
Figure 2: Analysis performed in Cellprofiler of a malignant sample. A: Original Image, B:
Color inversion to grayscale, C: Nuclei identification D: Filter applied to exclude the
artifacts.

Figure 3: Analysis performed in Cellprofiler of a benignant sample. A: Original Image,
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97.08% of accuracy.
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1. INTRODUCAO

A citometria de imagem € uma técnica de andlise quantitativa de imagens que permite
extrair dados numéricos de objetos previamente identificados como objetos de interesse
(por exemplo, nucleos ou células). Para realizar essa analise, € necessario um software
capaz de gerar parametros quantitativos. Quanto maior o namero de parametros
disponiveis, melhores serdo o0s resultados, pois isso permite uma analise

multiparamétrica.

Em 1997, foi langado o primeiro software livre chamado Image J, conhecido por realizar
andlises de imagens que incluiam parametros morfologicos [1]. Em 2006, o software
CellProfiler também foi lancado, tornando-se outra plataforma fundamental para a
andlise de imagens. Assim como o Image J, o CellProfiler esta disponivel gratuitamente.
O desenvolvimento do CellProfiler ocorreu devido a necessidade de realizar anélises de
imagens com multiplos pardmetros para cada objeto de interesse [2].

A popularidade do Image J e do CellProfiler € evidente na literatura cientifica recente.
Até julho de 2023, mais de 20.000 artigos revisados por pares foram publicados usando
o ImageJ. O principal recurso do ImageJ € o processamento e a investigacdo de
imagens individuais, enquanto o CellProfiler foi projetado para construir pipelines de
analises em grande escala. Esses softwares sdo aplicaveis em diversas areas da

ciéncia como, biologia, engenharia e medicina [3-5].

Devido a necessidade dos laboratérios de conduzir andlises em grande escala, 0s
métodos de analise manual tém se tornado obsoletos. Isso ocorre porque eles estao
sujeitos a erros humanos e sdo demorados, exigindo muito trabalho e tempo. Felizmente
essas medicdes podem ser realizadas facilmente por softwares especificos, sem a
necessidade de conhecimento sobre algoritmos e aprendizado de maquina, permitindo

gue qualquer pessoa interessada em analise de imagens possa utiliza-los [6-9].

Em sintese, a analise automatizada de imagens gera conjuntos de dados quantitativos
reproduziveis e possui vantagens em relagdo a andlise manual, reduzindo
significativamente o viés humano, e tornando-se o método preferencial para analise de

imagens [10-12].
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2. REVISAO BIBLIOGRAFICA

2.1 Breve histérico: Andlise de Imagens

Na patologia a andlise de imagens € amplamente utilizada para obter dados precisos
por meio da identificacdo e contagem de objetos, a fim de obter um diagndéstico. A
mensuracdo de objetos microscopicos remonta aos primérdios do proprio microscépio,
inventado por Hans e Zacharias Jannsen por volta de 1590 [13]. No século XVII, Antonie
van Leeuwenhoek desenvolveu um método para medir objetos microscopicos usando

gréos de areia e fios de cabelos de diferentes tamanhos como referéncia [14,15].

A descoberta das células sanguineas logo apés a invengédo do microscopio despertou o
interesse dos pesquisadores em determinar a quantidade dessas células [16]. Em 1873
0 pesquisador Louis Charles desenvolveu um método quantitativo, o hemocitdmetro,
também chamado de camara de Neubauer [17]. Essa descoberta impulsionou uma série
de estudos e avancgos, que, ao serem combinados e aprimoradas ao longo dos anos,
resultaram no desenvolvimento do que conhecemos hoje como Citometria de Fluxo.
Esse método avalia células suspensas em meio liquido em fluxo no espectrofotémetro,
permitindo a andlise simultanea de varias propriedades espectrofotométricas de células

com taxas superiores a 500 células por segundo [18].

Novas metodologias para andlises quantitativas [19-21] continuaram a surgir, porém
ainda apresentavam algumas limitagdes, como falta de objetividade e reprodutibilidade,
impossibilidade de coletar amostras de recém-nascidos ou animais devido a
necessidade de maior volume sanguineo e do uso de reagentes, entre outras [22]. Para
superar essas limitagdes foi desenvolvido o Citbmetro de Varredura a Laser, que utiliza
a emissao de fluorescéncia excitada por um laser em células individuais para medir as
células em varias faixas de comprimento de onda (até 5000 células/minutos, ou seja, 83
células/segundos) [23-25]. Além disso, essa técnica requer uma menor quantidade de
amostras e de reagentes [23-25]. Essas sé@o as vantagens dessa técnica em relacdo a
citometria de fluxo descrita anteriormente, porém, ainda esta limitada a imagens de
fluorescéncia e a quantidade de células analisadas por segundo € menor em
comparagdo com a Citometria de Fluxo, sendo que esta Ultima ainda lidera as anéalises

em laboratérios.

A analise de imagens é de grande importancia no campo cientifico, pois fornece
informacdes detalhadas para o diagnéstico e prognostico de doencas, especialmente

por meio da analise morfoldgica de células e seus componentes [26].
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A morfometria nuclear, por exemplo, estuda parametros do nacleo como area, forma,
intensidade entre outros. A visualizacdo dessas caracteristicas em células malignas é
fundamental para um diagnéstico reprodutivel, uma vez que as informacfes séo
diferentes daquelas observadas nas ndo-malignas. Com base nessas diferencas,
alguns autores propuseram que a morfometria nuclear para aprimorar os parametros

diagnosticos e fornecer fatores progndésticos confiaveis [27,28].
2.2 Citometria de Imagem

A Citometria de Imagem é uma técnica de analise quantitativa automatizada que surgiu
no final dos anos 90. Diferentemente das técnicas anteriores, essa abordagem permite
a andlise de parametros morfolégicos que nao se limitam apenas a fluorescéncia [29].
Nas Ultimas décadas, houve um desenvolvimento significativo de algoritmos
personalizados para identificacéo e classificacdo de objetos e esses foram inseridos
dentro de softwares para realizar o aprendizado de maquina. Esta metodologia é
considerada reprodutivel [30-32] e de baixo custo [24,33,34]. Os softwares gratuitos
mais amplamente utilizados nessa area sédo o Image J, pioneiro na citometria de

imagem, o Cellprofiler e o QuPath [1,2,35].

Na Tabela 1 abaixo estao as principais diferencas que ocorreram apos a descoberta da

Citometria de Imagem.

ANALISE MANUAL CITOMETRIA

MICROSCOPIA - MANUAL SOFTWARE — AUTOMATIZADA
QUALITATIVA QUANTITATIVA

BAIXA REPRODUTIBILIDADE ALTA REPRODUTIBILIDADE
PARAMETROS LIMITADOS MULTIPARAMETRICA

Tabela 1: Diferencas entre a Analise manual e Citometria de Imagem.

Conforme apontado por Buskermolen e colaboradores [26], a andlise de imagens
patolégicas por meio da quantificagdo manual resulta em uma deteccao insuficiente e

nao é capaz de descrever mudancas sutis que séo relevantes para o diagnostico.
2.3 Inteligéncia Artificial: Aprendizado de maquina

A Inteligéncia Artificial € uma ferramenta da tecnologia moderna que permite o
desenvolvimento de softwares capazes de realizar diagnésticos clinicos e tomar
decisdes terapéuticas, ou seja, € a transmissao da inteligéncia humana para a maquina.
Na area da medicina, diversas metodologias de aprendizado de maquina tém sido

aplicadas com sucesso [36-41].
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A analise de imagens € um dos campos em que a Inteligéncia Artificial tem apresentado
avancos significativos. O aprendizado de maquina, que é parte integrante da Inteligéncia
Artificial, utiliza dados como recurso de entrada, permitindo que a maquina aprenda com
esses dados [42]. Por meio do uso de funcdes matematicas pré-definidas no software,
€ possivel obter resultados (classificac@o ou regressao) que frequentemente séao dificeis

de serem alcancados rapidamente pelos seres humanos.

2.4 Hipotese

Com base nos conhecimentos apresentados, a hipétese do presente estudo é que a
realizacdo de uma analise automatizada utilizando um software gratuito resulta em

menor custo, alta precisdo e pode ser reproduzida em qualquer laboratério.
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3. OBJETIVOS

3.1 Objetivo Geral
- Aplicar uma metodologia automatizada em duas diferentes areas da pesquisa
cientifica, demonstrando sua versatilidade e desempenho na obtencdo de resultados

confidveis de forma acessivel.

3.2 Objetivos Especificos
- Analisar as imagens para a obtencéo de resultados multiparamétrico.

- Analisar imagens feitas em microscopia de luz de amostras citopatoldgicas de células

tireoidianas utilizando software livre e inteligéncia artificial.

- Analisar a forma e o tamanho de objetos de interesse (nanoparticulas) com um
software gratuito para analise de imagens e posteriormente comparar os resultados com

o0s de uma analise manual.

- Demonstrar uma comparacao estatistica de alta precisao.
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Abstract

Multiple methods have been developed to estimate size and shape of
nanoparticles from transmission electron microscopy images. However, some of them
have limiting characteristics such as hard to use, expensive or have steps that make the
results unreal. We present here a comparison of a manual (IMAGE J) and an automated
analysis, both free methods. The gold nanoparticles were synthesized by the traditional
Turkevich method using sodium citrate. We used 23 images of gold nanoparticles. The
results of our study show that the conglomerated particles can be excluded - given that
a sufficient amount of particles is included in the analysis.We show that CellProfiller can
be highly efficient to assumptions about size and shape of nanopatrticles. These findings
provide a new approach of free software that can be applyied as machine learning and
therefore automate the processing of nanopatrticles data.

Keywords: Nanopatrticles; CellProfiler; transmission electron microscopy; automated

analysis.
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Introduction

Nanoparticles are defined as material between 1 and 100 nanometers in size with
a mass of 10° atoms (Issa et al., 2013). Nanoparticles are known to have a wide range
of diagnostic and therapeutic applications. As examples, vascular and tumor imaging,
drug delivery and iron supplement may be mentioned (Arami et al., 2015). The strong
interest in nanoparticles results from the unique physical properties such as the area of
their surface and the surface tension (Paranjpe et al., 2014). The therapeutic effect of
nanoparticles, however, is strongly dependent on their size (de Jong et al., 2008; Dwivedi
et al., 2014). The importance of nanoparticles including quality control was mentioned
in the recent literature (Kite et al., 2019; Pantil & Bhosale 2018; Pantil et al., 2019; Pantil
et al., 2020). This frequent control of the synthesized nanoparticles is therefore a
condition to maximize the therapeutic effect (Nischwitz et al., 2012; Vippola et al., 2016).
The gold standard for quality control is the analysis of images created by transmission
electron microscopy, scanning electron microscopy, scanning transmission electron
microscopy, small-angle X-ray scattering, wide-angle X-ray scattering, atomic force
microscopy, or dynamic light scattering (Vippola et al., 2016). The nature of the image
analysis may be manual or automated. A manual analysis is tedious, time-consuming
and, most important, not reproducible. An automated analysis on the other hand is
reproducible, fast, and manages bigger sample sizes (Buzin et al., 2015; Buzin et al.,
2017; Macedo et al., 2017). Last, not least, the automated analysis does not require a
highly educated specialist, resulting in a more inexpensive analysis. A recent study
stated the inability of common image analysis software to identify agglomerated
nanoparticles. To this end, the authors developed a software capable to identify single
nanoparticles also when agglomerated. The authors compared their results with Image
J and a manual analysis (Vippola et al., 2016). The results of the three methods seemed
comparable. Gold nanoparticles (AuNPs) have been researched for applications in
medical images, according to recent research; they are considered image contrast

agents that benefit clinical practice (Han et al., 2019).

The authors of the present study hypothesized, that agglomerated events might
be excluded from an automated analysis, given, that a sufficient quantity of nanoparticles

per sample is analyzed.

The aim of the present study is to analyze the shape and size of nanoparticles
with a free software for image analysis and subsequently compare the results with

those of a manual analysis.


https://www.sciencedirect.com/science/article/pii/S1756464619304785?via%3Dihub#bb0240
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Sample preparation

In Synthesis and characterization of gold nanoparticles

Gold nanoparticles (AuNPs) were synthesized based on (Turkevich et al., 1951) method

with modifications. Briefly, 15 mL ofChloroauric acid (HAuCl4, Merck Co. Ltd., Brazil) at

2.5 x 10~ * M was maintained under agitation (200 rpm). The gold precursor was reacted

withl mL of trisodium citrate dihydrateat 1% m/v (Na:CesHsO7-2H.O, Merck Co. Ltd.,
Brazil) for 15 minutes at 100°C.The solution was cooled in ice bath for 30 minutes.
AuNPswere collected and their optical properties were evaluated by UV-vis
spectroscopy (FEMTO 800 Xl). Size and morphology were examined by transmission
electron microscope (JEOL, JEM-1400) operated at 120 kVwith Labs filament. AuNPs

were characterized using Image J and Cellprofiler.

Materials

Image J
The monodispersity of the AUNPs was determined based on the aspect ratio manually
(major axis length and minor axis length) using the ImageJ software as shown in figure
1.
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Figure 1. Original image and image after to count.
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CellProfiler

The automated analysis was conductedusing the free software CellProfiler (version
2.1.1), were analysed 23 images(N =423 nanoparticles), each image was processed
individually. The identified objects that did not reach a certain minimum in terms of a
user-defined, image dependent form factor were not included in the subsequent analysis,

as described in table 1 (5- Filter Objects):

Table 1. Algorithm used for the image analysis with CellProfiler.

Module Operation
1- Load Images Identify and load image by
image
Namethisloadedimage: il

2- Image Math Operation: Invert
Selectthefirstimage: i1
Namethe output image: i2

3- ldentify Primary Objects Identifyanobjectofinterest
Nametheprimaryobjects:
spheres
Thresholdstrategy: Adaptive

4- Measure Object Size Shape Measurementobjects: spheres
5- Filter Objects Select the objects to filter:
spheres

Remainingobjects: spheres2

6- Measure Object Size Shape Measurementobjects:
spheres2

1) Upload images; 2) ImageMath: reverting the intensity of the images; 3) Identify of the
objects of interest in the images. "Objects" is used as a generic term in CellProfiler to
refer to a specific pattern identified in the image, in this case, the spheres. 4) Measure
the features of the identified object; 5) Filter the objects to exclude all objects that do not
fulfill certain limits — in this case a Form Factor < user-defined value; 6) Measure the
features of the identified object: Major Axis Length and Minor Axis Length.
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The original image, the inicial identification and the result of the filtering are depicted in
figure 2.

59
50 1161)
— ‘

Figure 2. Original image, referring to module 1 of table 1 (a); initial identification of the objects of
interest, referring to module 3 of table 1 (b); Remaining objects after filtering the objects,
referring to module 5 of table 1 (c).

Results and discussion
A quality control, i.e., a morphological analysis of nanoparticles was conducted

manually and automated. A mean of the values was described in table 2. Subsequently
the results were compared. The results of the comparison are depicted (Table 3).

Table 2: Mean and standard deviation of manual and automated count.

IMAGES IMAGE J CELLPROFILER
Mean 0,93 0,95

SD ‘ 0,03 0,04
Table 3. A Bland-Altman graph for the comparison of manual and automated analysis.
The compared parameters were minor axis length divided by the major axis length. The x-axis
represents the media of the two analyses; the y-axis represents the difference between the two
analyses. The middle line of the y-axis represents the mean of the differences (-0.01). The upper

and lower lines are mean + 1.96 * standard deviation of the differences.
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The Bland-Altman assay show the mean of the differences is close to zero. There is no
systematic bias, i.e., the differences are mean, above and below the mean. The higher
the mean the smaller the differences between the two methods. Almost all the
differences are within mean + 1.96 * standard deviation, i.e., the differences are normally
distributed.
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Figure 3: The boxplot represents the variability of the manual and automatic data in the study.
The central line represents the median and the top and bottom lines are the data range (maximum

- minimum). The spaces between the different parts of the box indicate the degree of dispersion.

The median of the manual method was 0.94 and in the automatic method, it was
0.97, as shown in the graph by the central line. The automatic method showed a more
symmetrical distribution than the manual method. There is also a low variability and low

standard deviation compared to the manual method.
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The effect of nanoparticles is strongly dependent on their size (De Jong et al.,
2008; Dwivedi et al., 2014). A frequent quality control of the synthesized nanopatrticles
is therefore a very important measure to maximize the effect of the objects (Nischwitz et
al., 2012; Vippola et al., 2016).

For the present study a quality control, i.e. a morphological analysis of
nanoparticles was conducted manually and automated. Subsequently the results were
compared. The data of the present study indicate that the results of the manual and
automated analysis are comparable. In a recent study, a software was developed,
capable to conduct a quality control of nanoparticles including the identification and
analysis of single objects even when conglomerated (Vippola et al., 2016. The authors
had compared the results obtained with their new software with those of the software
image J and a manual analysis. The results of the three different methods seemed
comparable; however, no statistical analysis of the comparability of the results was
conducted. As the authors of the present study hypothesized that conglomerated objects
can be excluded, the results of the present study indicate that the results of a manual
analysis, including conglomerated objects, is comparable to those of an automated
analysis that excluded conglomerated objects.

Conclusions

The results of the present study indicate, that an automated analysis excluding
conglomerated objects may deliver the same results as automated analysis including,
given that the first method analyses a representative count of objects. Another
conclusion of the present study is that an automated analysis is more accurate and faster
as compared to a manual analysis. It may be concluded that there is no necessity to
spend labor, money, and time to develop a software.

Further comparisons may be necessary to verify the truth of the author’s

hypothesis of the present study.

Acknowledgements. The financial support of CAPES (1740334) is greatly

acknowledged.
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Abstract

Multiple methods have been developed to estimate size and shape of nanoparticles from transmission electron microscopy
images. However, some of them have limiting characteristics such as hard to use, expensive or have steps that make the
results unreal. We present here a comparison of a manual (IMAGET) and an automated analysis, both free methods. The gold
nanoparticles were synthesized by the traditional Turkevich method using sodium citrate. We used 23 images of gold nano-
particles. The results of our study show that the conglomerated particles can be excluded—given that a sufficient amount of
particles is included in the analysis. We show that CellProfiler can be highly efficient to assumptions about size and shape of
nanoparticles. These findings provide a new approach of free software that can be applied as machine learning and therefore
automate the processing of nanoparticles data.

Keywords Nanoparticles - CellProfiler - Transmission electron microscopy - Automated analysis
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Capitulo 2

Artigo 2. Automated cytopathology of fine needle aspiration for
the detection of malignancy in thyroid cells
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ABSTRACT

Cytopathology of thyroid cells is an established method to detect malignancies in the
thyroid. It is of advantage because an anesthesia and a diagnostic laparotomy is not
necessary. There are however not yet many studies about automated cytopathology in
thyroid cells. To this end, the aim of the present study was to establish an automated
diagnosis of malignancy using image analysis and subsequent machine learning and
Artificial intelligence. Light microscopy images of 52 patients were analyzed and the
results were compared to those of pathology. The results of the automated analysis
yielded a sensitivity of 0.94 and a specificity of 0.91 when compared to those of the
pathologic diagnoses. The process of machine learning yielded an under curve area of
0.91 as calculated by a ROC-curve. The software used for image analysis, machine
learning and classification (diagnosis) are open-source software, respectively. It may be
concluded that the method presented in the present study may be used for a low-cost
verification of pathological diagnosis. The equipment used for this study (light
microscopy, digital camera and a Personal Computer) is available in almost every

laboratory.

Keywords: Machine learning; CellProfiler; Image Cytometry; Cytopathology; Papillary

Thyroid Carcinoma.
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INTRODUCTION

Histopathology (HP), a technique that aims to diagnose diseases in tissue sections using
microscopy, established in 1893, remains the gold standard until nowadays (Tiford et al.,
2006; den Baaker, 2017). In 1928, Papanicolau described a new technique of cell-based
diagnosis called Cytopathology (CP) (Van den Tweel and Taylor, 2010).

Results, advantages and disadvantages of HP and CP have always been subject of
comparison (Crino et al., 2021; Gerstner, Tarnok, 2002; de Ruiter et al., 1994). Recent
literature reveals that the results of HP and CP in terms of accuracy became comparable,
independent if CP is conducted manually (de Ruiter et al., 1994) or automatically
(Gerstner et al., 2002; Gerstner et al., 2009).

The studies of Gerstner et al. used Laser Scanning Cytometry (LSC) aiming to define
the DNA-ploidy as a marker of malignancy. LSC is automated and thus reproducible, but
at least the equipment is cost-intense. A manual count is low cost but tedious, time-
consuming and its results are not reproducible. To this end the authors of the present
study aimed to combine an automated analysis that is less expensive. The authors
hypothesized that the morphological features vyield information about the

malignancy/benignancy of the respective sample.

The aim of the present study was to analyze light microscopic images of cytopathologic
samples of thyroid cells using free software. The classification (diagnosis) was aimed to

be conducted by artificial intelligence after a process of machine learning.

Samples of thyroid were chosen because the incidence of diagnosed thyroid cancers is
increasing at least in Brazil and the USA. At least in those two countries, thyroid cancer
is the fifth most frequent cancer in women. As stated in the recent scientific literature, an
inexpensive but reliable methodology will always be an important issue to lower the costs
for reliable medical diagnosis (Gerstner et al., 2002; Mittag et al., 2006; Gerstner et al.,
2009; Buzin et al., 2015; Laffers et al., 2006; Melzer et al., 2016).

MATERIALS AND METHODS

Study Design

Manual diagnostic data from cytopathological aspirates were provided by Cassiano
Antonio Moraes University Hospital. The automated analysis was conducted at the
Image Cytometry Laboratory 10 (B) at the Biopractices Campus of Vila Velha University.

The type of study was cross-sectional where the observation of data will occur within a
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time interval, without the need for direct interaction with the patients.

Obtaining of Samples and Images

In the present study 52 samples submitted to fine needle aspiration stained by pap smear
were collected with a diagnosis made by the pathologist Dr. Carlos Musso; selected from
March/2021 to March/2022. The photos taken by the pathologist himself were collected
and sent to the researcher. The study was previously approved by the ethics committee
of the institution Vila Velha University - (No. 4.094.607) and of the institution Cassiano
Antonio Moraes University Hospital - (No. 5.073.110).

Image Preparation and Analysis

The images have been saved in .tif format. Samples of each patient were stored in
individual folders without personal identification. The received images were analyzed
and classified using free software. The software chosen for nuclei analysis was
CellProfiler (CP) (version 4.2.4), after the pipeline (Figure 1) was created in this software,
the images of each patient were loaded, there was a background inversion where the
colors were inverted to grayscale scales for processing the pixels, presenting you light
objects on a dark background, identification of all objects (nuclei) and finally filtered
(Figure 2 and 3), in order to exclude non-cellular artifacts.

PIPELINE USED WITH CELLPROFILER FOR ALL SAMPLES

IMAGES b FILTER EXPORT TO
OBJECT SIZE OBJECTS DATA BASE
SHAPE
EXPORT TO
IDENTIFY MEASURE
METADATA ey . SPREAD
OBJECTS SHAPE .
NAMES AND MEASURE
TYPES IMAGE MATH OBJECT MEASURE
INTENSITY TEXTURE

Figure 1: Pipeline: First all the images were loaded, identified by the unique format
known in all .tif, the intensities were inverted for the objects of interest asking for light on
a dark background, later the primary object was identified as nuclei 1, after filtering the
objects (eliminating objects unexpected) a new count of the parameters was performed
and then data nuclei 2 was found, only these were exported to carry out the classification.
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STEPS USING CELLPROFILER = MALIGNANT SAMPLE

Figure 2: Analysis performed in Cellprofiler of a malignant sample. A: Original Image, B:
Color inversion to grayscale, C: Nuclei identification D: Filter applied to exclude the
artifacts.

STEPS USING CELLPROFILER — BENIGNANT SAMPLE

Figure 3: Analysis performed in Cellprofiler of a benignant sample. A: Original Image, B:
Color inversion to grayscale, C: Nuclei identification D: Filter applied to exclude the
artifacts.

The dates of the analyzed nuclei were exported to an excel file and later to another two
software that performed the classification by supervised learning (Cellprofiler Analyst
(CPA) and Tanagra (TG) software).
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Statistical Analysis

After the complete analysis of all samples a comparison of the results of the
effectiveness of the automated method and the manual diagnosis was made with
MedCalc software (https://www.medcalc.org/download/). Also, calculations for

specificity and sensitivity with CPA and TG software.

RESULTS

The ROC curve (Figure 4) shows the progress of machine learning (AUC = 0.96), and

the capability to differentiate the positive and negative.
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Figure 4: ROC curve between automated and manual results.

TG is a macro to be integrated in excel for classification purposes, amongst others. If,
like in the present study there are multiparametric data, TG offers the possibility to
choose the best parameters for a successful classification (data mining), that is,

parameters that do not substantially enhance the results will be excluded in this step.

The scatterplot shown in figure 5 concluded that the software was able to correctly

differentiate the classes.
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SCATTERPLOT WITH SOFTWARE TANAGRA - SUPERVISED LEARNING
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Figure 5: Classification obtained in the TANAGRA software (Scatter plot: red-benign /
green-malignant).

The algorithm chosen by the authors was the Linear discriminant analysis (LDA). LDA is
strongly related to analysis of variance (ANOVA) and regression analysis, which also
attempt to express a dependent variable as a linear combination of other characteristics
(Venkataraman et al., 2007). TG software presented data with high sensitivity (0.94) and
specificity (0.91) (Figure 6).

Values prediction

| Value  Recall 1-Precision
benignant |0,9451 00,0779
malignant |0,9104 00,0634
specificity
sensitivity

Figure 6: Linear discriminant analysis between benignant and malignant objects.

The other software used to also classify the data was CPA, which also received the same
data calculated by TG software. Figure 7 represents the training manual classification
made. CPA also supervised machine learning and the algorithm used was logistic
regression. In this software the results were comparable to the TG software and also

showed high performance in learning — 97.08% of accuracy.
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CELLPROFILER ANALYST TRAINING

Fetch 15 random v cells from experiment v [ Fetent |

11

w8l B
SO s [o] [
CECDDRG

.| G| ®
(- —

HER N

L

Figure 7: Training with two classes, malignant (lower right) and benign (lower left) cells.

After training benignant and malignant objects were requested to verify software
performance to calculate sensitivity and specificity. (Figure 8 and 9).

CELLPROFILER ANALYST PERFORMANCE - BENIGNANT

Figure 8: 100 benignant correct objects requested after training.
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Figure 9: 100 malignant correct objects requested after training.

To check the machine learning progress, a score image tool is displayed after training to

show the correctness of the machine (Figure 10).

SCORE IMAGE OF MALIGNANT AND BENGNANT NUCLEUS - CELLPROFILER

ANALYST

Figure 10: Score Image: This tool allows the analyst to see the full extent of the image
and the objects there identified according to the classification performed under each
class after training. A: Malignant objects identified B: Benignant objects identified. -

97.08% of accuracy.
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The results calculated by CPA and TG obtained accuracy above 90%. Both software
were able to distinguish the difference between classes. Regardless of the number of
samples, the algorithm is able to learn and perform the correct classification of objects,
as shown in the results of the present study.

DISCUSSION

Fine-needle aspiration cytology is a routinely used, reliable, quick, highly reproducible,
minimally invasive, and cost-effective method for diagnosing nodular lesions of the
thyroid (Rosai, 1996). It has been suggested as a first step test in the diagnosis of thyroid
nodules (Segev et al., 2003; Aguilar et al., 1997). The most important contribution of this
method to the diagnostic process is its power to distinguish patients who need surgical
intervention from those who do not (Koss, 1992). Manual diagnosis, however, is time-

consuming and not reproducible.

Currently there are free software where it is possible to view all objects and classify them
with the best parameters. After training all objects, the software can even independently
predict a correct diagnosis in new objects. Other studies also had satisfying results with

data found in automated analysis of cellular objects (Deka et al., 2017).

An interesting study combining machine learning and papillary thyroid carcinoma
published in 2021 showed several machine learning models were built to predict disease

recurrence and all models had a confirmed accuracy of 90% or more (Park & Lee, 2021).

Automated quantitative analysis of cellular objects is currently considered the viable
option in developed countries, because the scientific community proves that human-
machine interaction has the potential to reduce human effort and increase confidence in
algorithmic decision to solve clinical diagnoses (Jayatilake & Ganegoda, 2021; Sarker,
2021).

In the literature, there are few studies with images of the cell classification process (Wang
et al., 2010; Wang et al., 2019), unlike this study, which the objective was to show step
by step.

In terms of DNA ploidy there may be a low percentage of false positive artifacts.
However, those may not have influenced the results of the present study as proven by
the high accuracy of the results (Gerstner et al., 2006). The ROC curve was created only
using the area of the nuclei, concluding the area of the nuclei is referring to the amount
of DNA, which makes an analysis of the ploidy relatively easy, even when using light

microscopy as in the present study.
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The term digital pathology is considered as the future of histopathology. The authors
agree that the integration of images and digital results is not yet standard, but it will
significantly contribute to receiving digital pathology as part of the clinical evaluation
(Athelogou & Huss, 2018; Ribeiro et al., 2019). Other studies concluded that after several
highly accurate and scientifically proven studies, histopathology is ready for automation
(Ribeiro et al., 2020, Lucas et al., 2021).

The main purpose of this study was to compare the diagnosis manual analysis (gold
standard) and automated analysis. The results are comparable to the gold standard with

high specificity and high sensitivity in two different classifiers.
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Automated Cytopathology of Fine Needle Aspiration for the
Detection of Malignancy in Thyroid Cells

By Gabrielly Pereira Ribeiro, Carlos Musso & Dominik Lenz

Abstract- Cytopathology of thyroid cells is an established method to detect malignancies in the
thyroid. It is of advantage because an anesthesia and a diagnostic laparotomy is not necessary.
There are however not yet many studies about automated cytopathology in thyroid cells. To this
end, the aim of the present study was to establish an automated diagnosis of malignancy using
image analysis and subsequent machine learning and Atrtificial intelligence. Light microscopy
images of 52 patients were analyzed and the results were compared to those of pathology. The
results of the automated analysis yielded a sensitivity of 0.94 and a specificity of 0.91 when
compared to those of the pathologic diagnoses. The process of machine learning yielded an
under curve area of 0.91 as calculated by a ROC-curve. The software used for image analysis,
machine learning and classification (diagnosis) are open-source software, respectively.

Keywords: machine learning; cellprofiler; image cytometry; cytopathology: papillary thyroid
carcinoma.

6. CONSIDERACOES FINAIS

A analise de imagens e os algoritmos de aprendizado de maquina tém a capacidade de
identificar automaticamente os dados de interesse e segmentar células individuais ou
outros recursos especificos. E importante ressaltar que os sistemas de automaco néo
substituem os seres humanos, mas auxiliam a otimizar o uso do tempo e obter
resultados de maior qualidade, uma vez que estes resultados sdo quantitativos, ndo se

limitando apenas a aspectos qualitativos.

A automacao e a alta precisdo dos resultados sdo importantes para o desenvolvimento
de métodos de citometria e para torna-los mais conhecidos na literatura cientifica. Isso
permite que descobertas cientificas transcendam diferentes conjuntos de dados
experimentais, possibilitando que as descobertas relatadas neste estudo e em estudos

futuros sejam validadas em laboratérios ao redor do mundo.
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