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‘The objective of this study is to investigate the potential of clas-
sification and regression trees (CARTs) in discriminating benign
from malignant endometrial nuclei and lesions. The study was
performed on 222 histologically confirmed liquid based cytologi-
cal smears, specifically: 117 benign cases, 62 malignant cases
and 43 hyperplasias with or without atypia. About 100 nuclei
were measured from each case using an image analysis system;
in total, we collected 22783 nuclei. The nuclei from 50% of the
cases (the training set) were used to construct a CART model
that was used for knowledge extraction. The nuclei from the
remaining 50% of cases (test set) were used to evaluate the sta-
bility and performance of the CART on unknown data. Based on
the results of the CART for nuclei classification, we propose two
classification methods to discriminate benign from malignant
cases. The CART model had an overall accuracy for the classifi-
cation of endometrial nuclei equal to 85%, specificity 90.68%,
and sensitivity 72.05%. Both methods for case classification had
similar performance: overall accuracy in the range 94-95%,

"Department of Cytopathology, University of Athens, “ATTIKON”
University Hospital, Athens, Greece

Oncology Department, "Evaggelismos" Hospital, Athens, Greece

3rd Department of Obstetrics and Gynecology, University of Athens,
“ATTIKON” University Hospital, Athens, Greece

“2nd Department of Pathology, University of Athens, “ATTIKON”
University Hospital, Athens, Greece
Contract grant sponsor: Operational Program for Competitiveness,
Program for the support of young researchers PENED; Contract grant
number: 03EA 348.

*Correspondence to: A. Pouliakis, e-mail: apoul967@gmail.com

Received 27 December 2012; Accepted 29 October 2013

DOI: 10.1002/dc.23077

Published online 22 November 2013 in Wiley Online Library
(wileyonlinelibrary.com).

582 Diagnostic Cytopathology, Vol. 42, No 7

specificity 95%, and sensitivity 91-94%. The results of the pro-
posed system outperform the standard cytological diagnosis of
endometrial lesions. This study highlights interesting diagnostic

features of endometrial nuclear morphology and provides a new

classification approach for endometrial nuclei and cases. The
proposed method can be a useful tool for the everyday practice
of the cytological laboratory. Diagn. Cytopathol. 2014;42:582—
591.  ©2013 Wiley Periodicals, Inc.
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Introduction

The endometrium is histologically a complex tissue sys-
tem; the morphological diagnosis of endometrial lesions
is therefore fraught with difficulties in histological as well
as in cytological material. In addition, endometrium mor-
phology is affected by many parameters: sex steroids,
growth factors, oncogene products and various peptides';
therefore,diagnostic procedures may be very susceptible
to artifacts due to delayed fixation or inappropriate tissue
sampling. Due to the fact that the natural history of endo-
metrial hyperplasia has not yet been elucidated, many
classification systems have been elaborated.> As a conse-
quence, there is no standardized therapy ranging from
hormonal therapy to hysterectomy.

During the last decades, various classification techniques
have been used in medicine and especially in diagnostic
cytology, involving either classical statistical models or
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more advanced techniques, such as neural networks.*”
More specially, concerning cytology, these techniques have
been applied to various organs, among others stomach,'®'?
breast,'>1° urinary  system,'’ " cervix,”*?* and thy-
roid.>>?® Classification and Regression Trees (CARTSs) are
very popular techniques, and have been often used in the
past.*>**! CARTs are attractive, being relatively straight-
forward to construct and they can be interpreted as a set of
rules; which are easy to be understood and thus allow
smooth integration with other medical decision support
systems. Additionally, CARTs have a relatively fast learn-
ing curve, thus facilitating their adoption in the environ-
ment of a medical laboratory. Finally, in every step of
their rules, CARTSs include the probabilities for the “item”
under classification/investigation to belong to the individual
categories.

Concerning classification of endometrial lesions, and in
order to overcome the problem of an accurate, reproduci-
ble and objective diagnosis, many morphological attempts
have been carried out, with relatively promising
results.>*® Computer aided diagnosis of endometrial
lesions, is not new.**** Most attempts are related to the
discrimination of the endometrial hyperplasias, as their
classification has numerous diagnostic difficulties. How-
ever, CARTs have not been applied on nuclear morpho-
metric features, moreover, there are no studies related to
LBC samples.

In our study, we aim to investigate the potential role of
CARTs and image morphometry applied on LBC sam-
ples. The ultimate goals were the identification of the
most useful morphometric features for the classification
of individual nuclei and the assessment of the perform-
ance of the method for both nuclei and subsequently clas-
sification of endometrial cytological cases. Studied cases
covered the complete range of endometrial lesion types,
from normal endometrium to hyperplasias with or without
atypia, as well as carcinoma.

Materials and Methods

Sample Collection, Preparation, and Diagnosis

The study involved 222 women and was carried out on
smears taken by direct sampling of the endometrial cavity
using the EndoGyn® Sampler (Biogyn S.n.c., Mirandola,
Italy). Material was collected by rotating the device in
the endometrial cavity many times; the EndoGyn sampler
was then withdrawn and immersed into a vial containing
30-50 mL of a hemolytic, mucolytic, and proteinolytic
purposes solution (e.g., CytoLyt®, Cytyc Corporation).
Via the rotation of EndoGyn into CytoLyt, the collected
material in the arms of the device was easily removed;
additionally CytoLyt can preserve the cells under optimal
conditions for up to 7 days, either at room temperature or
at 4°C. Moreover, the use of CytoLyt ensures the absence
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of artifacts due to sample transportation and air-drying
before the fixation of cells. After sample collection, the
vial was transferred in the laboratory, the liquid was cen-
trifugated at 2500 rounds per minute for 5 min, the
obtained pellet containing the endometrial cells was trans-
ferred to another vial with fixative solution (PreservCyt®,
Cytyc Corporation). PreservCyt mildly fixes the cells
within 10-15 min, and may preserve the material for at
least 3 weeks at room temperature. Additionally, Preserv-
Cyt provides a safe method for transportation, since it
contains antiinfective agents. The vial was then inserted
into the automated slide processor ThinPrep® TP2000
(Cytyc Corporation). TP2000 prepares a single layer
endometrial smear in 90 seconds; the slide area is meas-
uring 2 cm in greatest dimension. One slide was prepared
from each case and stained with the Papanikolaou stain
using an automated staining machine (Varistain® 24-3
Thermo Electron Corporation [formerly Shandon], Run-
corn, UK); slides were used both for cytological diagnosis
and image morphometry.

Cytological diagnosis was made by three cytopatholog-
ists, with more than 10 years of experience in endometrial
cytology, according to the criteria outlined by Fox.*! The
cytological diagnosis was ultimately confirmed by histo-
logical examination of endometrial curettage and/or hys-
terectomy specimens, according to the International
Society of Gynaecological Pathology Classification.*
From all available cases, of our files, we selected 222
cases, in which both diagnoses (cytological and histologi-
cal) were in agreement; so as to ensure that the rest of
the experiment was based on a solid background and
nuclear morphometry was based on nuclei with known
and confirmed nature. Correlation of cytological and his-
tological diagnoses for the cases of our study is shown in
Table 1.

Image Analysis System, Measurements, and Their
Biological Meaning

The measuring procedure involves only endometrial
nuclei and has two steps: (a) selection of nuclei and (b)
measurement of nuclei. The average time to select 100
nuclei from each specimen is dependent from the image
quality and the ability to use semiautomatic or manual
selection of each individual nucleus. Specifically for man-
ual nuclei selection, the user draws the nucleus boundary
by the use of the mouse, the average time for 100 nuclei
is 38 min. For semiautomatic nuclei selection the user
simply clicks on the nucleus, subsequently specialized
software algorithms take care and automatically create the
nucleus boundary; in this case, the average time for 100
nuclei semiautomatically selected is 6 min. The computer
time to extract the measurements from a single nucleus is
less than a second, since it is completely automated and

Diagnostic Cytopathology, Vol. 42, No 7 583



Diagnostic Cytopathology DOI 10.1002/dc
POULIAKIS ET AL.

Table I. Correlation of Histological with Cytological Findings

Histological category

Cytological Adeno Endometrioid ~ Endometrioid — Hyperplasia Hyperplasia Proliferative  Secretory  Serous
group Ca Atrophy Ca Ca grade 1 with atypia  without atypia phase phase Ca Total
Benign 26 56 35 127
Non atypical 37 37
hyperplastic
cells
Atypical 6 6
hyperplastic
cells
Malignant 2 48 8 4 62
Total 2 26 48 8 6 37 56 35 4 222

operates unattended and massively on all the nuclei
selected from each case.

From available cytological slides, we measured 22,783
nuclei from epithelial cells (about 100 nuclei/case). The
nuclei were either isolated or from cell groups that fulfill
the cytological criteria of the morphological diagnosis.
The measuring process created a dataset of the 22,783
feature vectors, each one was related to a single nucleus,
thus each feature vector is representative of one nucleus
and each vector component represent a single measured
nuclear feature.

The basis of the image analysis system was a computer
with Pentium IV processor, the computer was equipped
with a frame grabber and a digital camera, model SONY
DFW-X700 (Sony Corporation, Tokyo, Japan). The cam-
era was attached on top of the microscope (Leica Micro-
systems, Wetzlar, Germany) via a X-mount adapter. The
images were captured with a 40X objective and subse-
quently digitized to 1024 X 768 pixels using 24 bits
depth (8 bits for each individual color: red green and
blue).

Two image analysis software packages were used. Spe-
cifically: PathSight version 4.3 (Medical Solutions PLC,
UK) was used to capture images from the microscope,
and subsequently the images were analyzed with Image-
Pro Plus VERSION 4.5 (Media Cybernetics, Bethesda,
MD, USA). Image-Pro Plus was used for: background
correction, isolation of the nuclei and automated extrac-
tion of the measurements corresponding to the measured
nuclear features. The Background correction is an impor-
tant process as removes noise that are caused by the
optics of the microscope, for instance, remaining dust
even after careful clearing of the objectives. Additionally
before the measurement a light calibration procedure was
applied, thus all images were captured under similar light-
ing conditions.

From each nucleus, we extracted two types of features:
geometric and densitometric.*>™*" The first group includes
nucleus area, major and minor axis, aspect ratio, mini-
mum, maximum and average caliper, minimum, maxi-
mum and average nuclear radius, radius ratio, perimeter,
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roundness and fractal dimension. The group of densito-
metric features includes integrated optical density, mini-
mum, maximum, mean value and standard deviation of
the optical density, separate color measures expressed as
mean value of the red, green and blue color components
and finally textural features expressed via the margination
and heterogeneity. The geometric features are related to
characteristics that are produced from the nucleus bound-
ary, in contrast, densitometric features are based on the
pixel content of each nucleus; these characteristics
describe the nucleus color and texture and reflect DNA
characteristics. Specifically, geometric characteristics are
related to the nucleus shape, which are deformated due to
the neoplastic changes in nucleoskeleton and cytoskele-
ton. Therefore, geometric characteristics represent a
method to measure nuclear alterations from carcinogene-
sis side effects. Densitometric characteristics are related
to DNA, specifically: (a) the DNA quantity as measured
via nuclear color characteristics and optical density and
(b) DNA status as this is reflected from the distribution of
DNA, the former is reflected by the two texture measure-
ments (margination and heterogeneity) and, to some
degree, from the standard deviation of the optical density.

Nuclei Classification, Methodology, and Tools

The aim of the CART is to classify individual nuclei in
one of two groups, based on histological diagnosis: either
“Benign” (histological categories: prolipherative and
secretory phase, atrophy, and hyperplasias without atypia)
or “Malignant” (histological categories: adenocarcinoma,
endometrioid Ca, endometrioid Ca-grade I, serous Ca and
hyperplasia with atypia).

We selected CARTs*® because they are an explanatory
technique, able to reveal data structure, identify important
characteristics, and develop rules. CARTs can be used
quickly and repeatedly. A classification tree is constructed
from many repeated splits related to the target variable,
these splits are producing rules of the form: If X is less
than value A and Y is within a range [C,D], then the sam-
ple is classified as benign with probability P. These splits
end when no further split can be done, either because all



Table II. Distribution of Cases and Nuclei into the Training and Test
Sets
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Table III. Statistics of the Tree Classifier for the Training and Test Set
and for the Complete Dataset

Number of data in the training and test set

Training set Test set Total
Histological category Cases
Adeno Ca 1 1 2
Atrophy 13 13 26
Endometrioid Ca 24 24 48
Endometrioid Ca?grade I 4 4 8
Hyperplasia with atypia 3 3 6
Hyperplasia without atypia 18 19 37
Proliferative phase 28 28 56
Secretory phase 18 17 35
Serous Ca 2 2 4
Total 111 111 222

Nuclei

Adeno Ca 78 90 168
Atrophy 1285 1269 2554
Endometrioid Ca 2527 2482 5009
Endometrioid Ca?grade I 394 384 778
Hyperplasia with atypia 326 333 659
Hyperplasia without atypia 1800 1994 3794
Proliferative phase 2945 2849 5794
Secretory phase 1953 1707 3660
Serous Ca 179 188 367
Total 11487 11296 22783

of their observations belong to the same group, or
because the number of observations at the same node is
small (according to a predefined value). These represent
the terminal nodes of the tree.

No preprocessing of data was performed before training
the classification tree, i.e. all measurements were used
exactly as extracted by the image measurement system,
because preprocessing of data is not a prerequisite to con-
struct CARTSs. Fifty percent of the available cases were
randomly selected in order to train the CART model.
These cases were selected in respect to the histological
classes, thus each histological category was equally repre-
sented in this dataset. The related feature vectors of these
cases (i.e., 11,541 vectors) formed the training set. The
remaining 11,296 vectors, from the unused cases, were
used to evaluate the performance of the trained classifier
(test set). The distribution of the cases and the measured
nuclei into the training and test sets are presented in
Table II. As mentioned the CART model was created by
using the data of the training set, during this process there
were determined the important variables and the decision
rules, in the sequel the model was evaluated by applying
the data of the test set using the rules obtained during
training.

Case Classification Techniques

For the classification of individual cases, a relatively sim-
ple method, based on the nuclei classification results from
the CART was used. Actually, two variants of the same

Training Test Complete
Statistical measure set (%) set (%) dataset (%)
Sensitivity 73.49 70.59 72.05
Specificity 90.30 91.07 90.68
PPV 76.84 77.64 77.23
NPV 88.60 87.58 88.09
FPR 9.70 8.93 9.32
FNR 26.51 29.41 27.95
OA 85.17 84.82 85.00

method were evaluated. For the first variant, two features
were used: the number of nuclei classified as benign and
the number of nuclei classified as malignant (this method
is called the numeric classifier). For the second variant,
the percentages of nuclei classified as benign and as
malignant were used (this is subsequently called the per-
centages classifier); for both variants, the numbers and
the percentages are related to the nuclei of the specific
case under investigation.

Statistics Tools and Techniques

The CART system was created using IBM SPSS Statistics
19 for Windows (SPSS, Chicago, IL). To assess the per-
formance, various statistical measures were extracted:
specificity, sensitivity, positive and negative predictive
value (PPV and NPV), false positive and false negative
rates (FPR and NPR), and overall accuracy (OA). The
results of the classifiers are provided for the nucleus clas-
sification level and for the cases classification level. The
stability related to the performance of the classifiers for
the training against the test set was evaluated by x> com-
parison of proportions and additionally using Kappa sta-
tistics, in order to assess the inter-rater agreement
between the numeric and percentages classifiers and for
each one of these classifiers against the histological cate-
gory; used as the golden standard.

Results

Statistical measures of the CART model results appear in
Table III. For CART construction, the CRT*' growing
method was used, additionally CART was restricted to
have more or equal to 200 nuclei for the parent nodes
and at least 20 nuclei for the child nodes; the model was
allowed to have up to eight levels of depth, and finally, it
was pruned to avoid overfitting. The constructed CART
model appears in Figures 1-4. In each box, the number of
nuclei belonging in each category (Benign or Malignant)
and the related percentages, representing the probability
of the nucleus to be benign or malignant (Pg and Py,
respectively) are shown.

It is relatively easy for a cytopathologist to understand
and use the CART: for example, if a nucleus has an area

Diagnostic Cytopathology, Vol. 42, No 7 585
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Fig. 1. Main branch of the CART. The probabilities are for the com-
bined dataset (training and test set). Pg, probability for a nucleus to be
benign; Py, probability for a nucleus to be malignant.

pu=53.9%
FOLLOW
BRANGH 2

less than or equal to 31.84 um? then (Fig. 1)
Pg =88.1%. If this probability is satisfactory, then the
cytopathologist may stop the classification procedure at
this stage; otherwise, the next step is to examine again
the nucleus area (see Fig. 1): if it is smaller than 24.84
pum?, then the probability of this nucleus being benign
accounts to Pg = 93.1%.

CART enabled the correct classification of 85.17% of
the nuclei composing the training set and 84.82% of the
nuclei composing the test set. The overall accuracy on the
complete dataset was 85.00%. The test for proportions
between the overall accuracy for the training and test set
indicates that the classifier has similar behavior for both
sets, because there is no statistically significant difference
between training and test set (x*=0.520 P = 0.4708>0.05).
These results indicate that the performance of the CART is
similar and stable for both training and the test sets.

Despite all available features have been provided to the
CART during training, only part of these was statistically
important and was eventually involved in the tree classifi-
cation rules. The most important characteristic was the
nuclear area, since it is the discriminating characteristic
in the first and second level of the CART. Other impor-
tant features are the nuclear mean optical density of the
color components and nuclear textural characteristics,
more specifically: heterogeneity and margination. It is
worth noting that apart from nuclear area; no other geo-
metric characteristic was included in the tree structure
during the construction process. This finding is in accord-
ance to the diagnostic process followed by cytopatholog-
ists, as the most important characteristic that is examined
during a cytological examination is nuclei area as well.

Subsequently, we examined the potential of nucleus
area as a single diagnostic characteristic. For this purpose,
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Fig. 2. BRANCH 1 of the CART. This branch is mainly related to the
benign nuclei.

we constructed a diagram with the percentages of benign
and malignant nuclei for various nuclear sizes (Fig. 5).
From this diagram, we concluded that as the nuclear area
increases, the probability of a nucleus to be malignant
increases as well, in a nonlinear way; similarly, the prob-
ability of a nucleus to be benign increases as the nuclear
area becomes smaller. The area under curve (AUC) of the
ROC diagram for nuclear area was 0.876 with a very
small standard error (SE = 0.002, 95% confidence interval
(95% CI): lower bound = 0.872, upper bound = 0.881), a
fact that confirms the CART finding; that area alone is
the most important classification factor. However, there is
still an overlap of the benign and malignant categories as
indicated in Figure 5.

The performance metrics of the two cases classification
methods are depicted in Table IV. The percentages classi-
fier assigned correctly 211 of the 222 cases and missed
seven benign cases (three in the training set and four in
the test set) and four malignant cases (two in the training
set and two in the test set). The numeric classifier classi-
fied correctly 209 cases and missed seven benign cases
(two in the training set and five in the test set) and six
malignant cases (three in the training set and three in the
test set). For the case classification method based on the
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Fig. 3. BRANCH 2 of the CART. This branch is mainly related to the gray zone between benign and malignant nuclei.

number of benign nuclei, since these are classified by the
CART (the numeric classifier), the threshold was deter-
mined from the training set cases: specifically, the threshold
started from O and increased up to 150 using a step of 1; for
each step, the percentage of the cases that were correctly
classified was determined. As optimum threshold was
selected the value that gave the best overall accuracy for the
training set, in our case this value was 54. Therefore, a pro-
posed algorithm could be: if the case has more than 54
nuclei classified as benign by the CART then the case can
be considered as benign otherwise as malignant. The overall
accuracy of the numeric classifier was 95.50% on the train-
ing set and 92.79% on the test set, the comparison of the
overall accuracy for the two sets proves that the “behavior”
of this technique is similar on both sets and therefore stable,
as there is no statistical significant difference in the two per-
centages (x* = 0.330, P = 0.5659>0.05).

In a similar manner, for the percentages classifier, it
was applied a similar approach for threshold determina-
tion. The optimum threshold for this method was deter-
mined to be 63.5%, thus the rule for this method is: if a
case has more than 63.5% of nuclei classified as benign

by the CART, then this case may be considered as benign
otherwise as malignant. The overall accuracy of this
method on the training set was 95.50% and on the test set
94.59%, for this classifier the “behavior” was stable as
well, because there is no statistical difference between the
two percentages (x> =9.76 X 107°, P =0.9975>0.05).

In order to evaluate if the two case classification methods
had differences, we performed the test for proportions; more
specifically on the overall accuracy for the training set, test
set, and both sets. The results indicate that both case classi-
fication methods had not statistically significant performance
for all types of datasets: training set, test set, and combined
sets (results of test for proportions, respectively: x* = 0.105,
P =0.7461>0.05, x> =0.0759, P =0.7829>0.05,
x> =0.0458, P =0.8305>0.05, respectively). Additionally
the Kappa statistics indicate that there was excellent con-
cordance between the two methods (x=91.7%,
SE =0.0289, 95% CI=0.86-0.973) as well as between
numeric classifier and the histological category (k = 86.3%,
SE =0.0369, 95% CI=0.79-0.935) and the percentages
classifier against histology (x = 88.5%, SE = 0.0338, 95%
CI = 0.819-0.951).

Diagnostic Cytopathology, Vol. 42, No 7 587
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Fig. 4. BRANCH 3 of the CART. This branch is mainly related to the malignant nuclei.
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Fig. 5. Percentages of benign and malignant nuclei in relation to the
nucleus area (aka probability for a nucleus to be benign or malignant in
relation to nuclear size).

Discussion

Lack of objective and reproducible diagnostic criteria**=!

for endometrial hyperplasias is the fundamental reason
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for the ambiguous knowledge of their biological behavior,
the increased number of classification systems and the
inconsistent management of endometrial lesions.”> Conse-
quently, endometrial cytology is not widely accepted as a
valid method for the investigation of endometrial lesions.
Criticism against endometrial cytology basically stems
from the difficulty to evaluate the classical cytomorpho-
logical criteria and from the need to integrate cytoarchi-
tectural characteristics into the diagnostic methodology.””

However, in previous studies, morphometric, textural
and stereological data extracted by quantitative cytology
and histology techniques and the subsequent classification
by monoparametric or multivariate statistical models,
showed that both the discrimination among complex,
complex atypical hyperplasias and carcinomas® and the
prediction of the patient clinical course are feasible to
some degree. Additionally, during the last decade, an
increased number of publications®°® pointed that cytol-
ogy could be used as an alternative or ancillary method
to histological examination of Dilatation and Curettage
(D&C) specimens.
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Numeric classifier

Percentage classifier

Training set (%) Test set (%) Combined (%) Training set (%) Test set (%) Combined (%)
Sensitivity 91.18 91.18 91.18 94.12 94.12 94.12
Specificity 97.40 93.51 95.45 96.10 94.81 95.45
PPV 93.94 86.11 89.86 91.43 88.89 90.14
NPV 96.15 96.00 96.08 97.37 97.33 97.35
FPR 2.60 6.49 4.55 3.90 5.19 4.55
FNR 8.82 8.82 8.82 5.88 5.88 5.88
OA 95.50 92.79 94.14 95.50 94.59 95.05

In this study, we tried to reduce the subjectivity intro-
duced by humans and to introduce a more objective meth-
odology. Specifically, we used objective and reproducible
nuclear measurements, thus each nucleus is represented
by a set of numbers. Additionally each nucleus was sub-
sequently evaluated using an objective methodology,
CARTSs. The clinical application aims to the discrimina-
tion of endometrial lesions requiring immediate referral to
D&C from those that could respond to pharmaceutical
treatment or just monitored through follow up. According
to our results, the proposed methodology gave encourag-
ing results in the discrimination between the nuclei from
cases of hyperplasia with cytological atypia and carci-
noma, from those of benign endometrial cases and cases
without cytological atypia. The two proposed case classi-
fication algorithms had excellent discrimination capabil-
ities, in comparison to the standard cytological
examination, as it is nowadays performed (i.e., without
use of measurements).

According to our results and experience the nuclear
morphological characteristics may have an important role
in endometrial cytology, regardless of the technique (con-
ventional or LBC) used. However, LBC contributes
toward objectivity requirements. The advantages of LBC
are related to common diagnostic criteria, due to the
standardized procedure related to fixation, transfer and
cytological preparation of the material,’”®® can be easily
deployed in a cytopathology laboratory,68 and enables
application of ancillary techniques.®®% Via LBC, the cel-
lular overlap is related only to the real three-dimensional
structures and not due to the slide preparation method’;
there is improved mucolysis and reduction of blood and
artifacts and there is reported better diagnostic accuracy
than conventional slides.”' The most important character-
istic is the nuclear area, a feature that is the primary evi-
dence examined by cytopathologists during screening.
Subsequently, another important factor is the chromatin
distribution, which is reflected by the appearance of heter-
ogeneity, margination, and the standard deviation of the
nuclear optical density into the individual tree branches
(Figs. 1-4). Eventually, the CART model identified a set
of rules that are based on the same characteristics that are

53,54

examined by cytopathologists during endometrium sam-
ples examination.

In conclusion, the proposed methodology introduces an
objective method for endometrium nuclei and cases clas-
sification; thus, subjectivity due to the interpretative fac-
tor could be reduced. The criteria identified as important,
are similar to the criteria used by skilled cytopathologists.
The application of LBC allows additional objectification
of the process. Specifically (a) the biological material is
immediately immersed in the vial, thus there is no oxidi-
zation, therefore, reduction of artifacts (b) the background
is clear due to lysis of mucus and erythrocytes, and (c)
there is lack of artificial cellular and/or nuclear overlap-
ping. Therefore, LBC is a technology enabling the appli-
cation of CARTSs. The proposed methodology could be of
use in the everyday practice of the cytopathology labora-
tory as an adjunctive diagnostic test.
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