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Abstract: In order to further investigate performance of Optomagnetic Imaging Spectroscopy in cervical
cancer detection, deep learning algorithm has been used for classification of optomagnetic spectra of the
samples. Optomagnetic spectra reflect cell properties and based on those properties it is possible to differ-
entiate normal cells from cells showing different levels of dysplasia and cancer cells. In one of the previous
research, Optomagnetic imaging spectroscopy has demonstrated high percentages of accuracy, sensitivity
and specificity in cervical cancer detection, particularly in the case of binary classification. Somewhat lower
accuracy percentages were obtained in the case of four class classification. Compared to the results obtained
by conventional machine learning classification algorithms, proposed deep learning algorithm achieves
similar accuracy results (80%), greater sensitivity (83.3%), and comparable specificity percentages (78%).
Keywords: Optomagnetic Imaging Spectroscopy, cervical cancer, deep learning, convolutional neural
network.

1. INTRODUCTION [2-6]. Performance evaluation of the classification
algorithms was made based on sensitivity, specific-
ity and accuracy measures. Matija et al proposed
algorithm using Naive Bayes classifier for cervi-

; ¢ ) cal cancer detection which achieved sensitivity of
plorgtlon of sample magnetlc propertle§ l?aseq O 78.16%, specificity of 97.92%, and accuracy of
the light-matter interaction [1]. It uses visible light

for the diagnostics of sample state, ensuring non-in-
vasiveness, i.e. that the considered sample won’t be
damaged during inspection, which is highly im-
portant in the case of biological sample diagnostics.
Optomagnetic imaging spectroscopy has been intro-
duced in previous researches as a tool for detection
of different types of cancer such as cervical cancer,
colorectal cancer, skin cancer and oral cancer [2-6].
Normal and cancerous cells and tissues were sub-
jected to OMIS and based on their optomagnetic
spectra classification into healthy/cancer group was
made with various machine learning algorithms

Optomagnetic imaging spectroscopy (OMIS)
is a nano-physical method for material characteri-
zation. This relatively new approach involves ex-

85.18% [2]. They have used stained Papanicolaou
smears and characteristic OMIS spectra intensities
and peak positions for classification of samples into
two classes: healthy and cancerous, i.e. II Papa-
nicolaou group and V Papanicolaou group. Jeftic
et al investigated the application of Naive Bayes
classifier for abnormal cervical cell detection us-
ing unstained cervical smears and reported that the
machine learning model gave sensitivity of 73%,
specificity of 82% and accuracy of 81% for binary
classification problem (II Papanicolaou group — III,
IV and V Papanicolaou group classes) [3].
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While classical machine learning models in-
volve image segmentation step in order to provide
characteristic features for classification problem
solving, novel deep learning approach automatiz-
es all steps, from segmentation to classification by
learning complex features from the images of sam-
ples. Deep learning framework is currently being
tested in numerous studies on cancer detection. Most
of the proposed computer aided diagnostic systems
are concerning medical images as a source of infor-
mation relevant for the detection of abnormal cells
and tissues which can enable early cancer diagnosis.

The challenge that deep learning systems for
medical image classification poses is the demand of
high amount of data and even distribution of data in
multiclass classification problems. While the data
deficiency may be compensated by pre-training the
deep network on large available datasets through
transfer learning, the problem of imbalanced datasets
is usually addressed with methods based on under
sampling, data augmentation (by rotation, transla-
tion, flipping, distortion, introducing noise, or scal-
ing the images), as well as cost sensitive learning and
model calibration [7-9].

Amongst vast amount of medical digital data
available, scientific studies on deep learning imple-
mentation in diagnostics are mainly concentrated on
the types of cancer such as breast cancer, melanoma,
cervical cancer, brain tumor, colorectal cancer and
lung cancer [10-15]. Regarding cervical cancer, there
is a significant number of papers dealing with test-
ing and discovering the best deep learning network
architecture in terms of the highest accuracy mea-
sures, some of which will be presented in this paper.
The aim is to improve conventional diagnostic tests,
such as Papanicolaou test and liquid based cytology,
which still have relatively high false negative rate,
due to subjectivity of the test, poorly prepared sam-
ples, pathologist’s workload, etc. [16].

Ghoneim et al proposed cervical cancer classi-
fication system based on convolution neural network
(CNN) and extreme learning machines. They used
pre-trained deep CNN models, namely VGG-16 Net
and the CaffeNet, fine-tuned by dataset from Herlev
database, as well as shallow CNN model. VGG-16
and CaffeNet were superior to shallow model to
some extent, and in combination with extreme learn-
ing machine classifier VGG-16 and CaffeNet models
achieved accuracy of 99.7% for cervical cell classi-
fication into two classes (normal/abnormal) and ac-

curacy of 91.2% for classification into seven classes
(different types of normal and abnormal cells) [17].
Rahaman et al obtained high percentages of accuracy
for 2, 3 and 5 class classification using a hybrid deep
feature fusion technique based on deep learning. Pro-
posed DeepCervix framework tested on single cell
cervical cytopathology images, achieved accuracy
higher than 99% in all three classification problems:
99.85%, 99.38% and 99.14% for 2, 3 and 5 class
classification problems, respectively. Among several
deep learning models tested, VGG16 model proved
to be superior in terms of performance compared to
VGG19, ResNet50 and XceptionNet [18]. Hussain
et al tested six deep convolutiona neural networks:
AlexNet, VGG19, VGG19, ResNet50, ResNet101
and GoogleNet and ensemble classifier for multi-
class cervical cancer diagnosis prediction. Ensem-
ble classifier combined the three models out of six
that showed best performance, namely ResNet50,
ResNetl101 and GoogleNet. The ensemble model
outperformed other deep learning models with area
under the curve (AUC) of 0.97 [19]. Alyafeai and
Ghouti have developed a fully automated deep learn-
ing pipeline for cervical cancer classification using
images of cervical region, cervigrams. For cervix
detection, they used modified GooglLeNet classifier
model and achieved 0.68 detection accuracy, while
the convolutional neural network used for cancer
classification gave AUC of 0.82 [20].

In most of the studies regarding cervical
smear classification by deep learning models, small
image datasets were used and the images were con-
taining separate cervical cells. This does not reflect
real clinical scenario, where cervical smears contain
overlapped cells and some background staining in-
terferences. By eliminating interfering factors, the
application of such a model is narrowed in clinical
practice. In order to overcome this problem, Marti-
nez-Mas et al proposed Cell Merger Approach com-
bined with convolutional neural network model and
showed that by creating a dataset with overlapped
and folded cells and applying deep model for classi-
fication, accuracy of 88.8%, sensitivity of 0.92 and
specificity of 0.83 can be achieved [21].

In this paper, system for cervical sample clas-
sification based on Optomagnetic spectra of the sam-
ple and deep learning network is proposed. Based
on the previous results obtained by Optomagnetic
imaging spectroscopy and classical machine learn-
ing algorithms in the field of cancer detection and its
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Table 1. Papanicolaou test result findings and number of collected smears in each Papanicolaou group

Papanicolaou groups

Description of the Papanicolaou test findings

Number of
samples used
in the study

Papanicolaou group II

Atypical cells with no evidence of malignancy 141

Papanicolaou group III | Abnormal, suspected cells

112

Papanicolaou group IV

Small number of malignant cells strongly indicating malignancy | 42

Papanicolaou group V| Numerous malignant cells

146

Total number

441

potential as an accurate, fast and easy to use method,
the aim of the study was to implement deep learn-
ing model in order to find the most optimal machine
learning algorithm that would give the highest ac-
curacy results in classifying cervical samples based
on their optomagnetic properties. The images of
optomagnetic sample spectra were used as an infor-
mation carrier and fed into the deep neural network,
contrary to standard cervical cell images used in oth-
er scientific studies. Since the optomagnetic spectra
of normal, healthy cervical cells significantly differs
from the optomagnetic spectra of cancer cells, the
hypothesis of successful classification by deep learn-
ing network was made.

2. MATERIALS AND METHODS

Papanioclaou smears were collected from
women routinely visiting two obstetric clinics in Ser-
bia, Clinic of Gynaecology and Obstetrics — Narodni

Front, Belgrade and clinic in Zajecar. In total, 441
cervical smears were used in the study. Papanicolaou
test results were reported in one of the following
groups: 11, III, IV and V Papanicolau group. Number
of each Papanicolaou group smears and descriptions
of the findings are given in the Table 1.

Each Papanicolaou smear was prepared ac-
cording to the standard procedure including fixation
and staining of the cervical cells, prior to microscop-
ic evaluation. Cancer cases were verified by histo-
pathology. Papanicolaou smears were subjected to
screening with Optomagnetic imaging spectroscopy
and for each microscopic slide with cervical cells
optomagnetic spectrum was obtained. The screening
process followed the procedure that included collec-
tion of sample digital images in two modes (using
diffuse white light and polarized white light), pro-
cessing the images with convolution algorithm and
production of optomagnetic spectra (Figure 1) [1].
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Figure 1. a) A pair of digital images of the sample made with OMIS, using white diffuse and polarized white light,
b) Optomagnetic spectrum obratined for a cervical smear sample (spectrum example for the II Papanicolaou group sample)
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Images of the sample optomagnetic spectra were
used as an input in deep neural network. Samples were
divided into two classes: class pap23 was made of sam-
ple spectra images of the Papanicolaou II and Papani-
colaou III group smears, and class pap45 was made of
sample spectra images of the Papanicolaou IV and Pa-
panicolaou V group smears. The classes were labeled as
“low-risk” and “high-risk” groups, respectively. The bi-
nary classification problem was chosen over four class
problem mainly because of the uneven distribution of
the samples across the Papanicolaou groups II-V. The
deep neural network used in this study is VGG16 con-
volutional neural network, configuration D [22]. On
the top of the VGG16 convolutional base, following
layers of fully connected architecture were added: 256
neurons with ReLu activation function, dropout layer,
batch normalization, layer of 4096 neurons with ReLu
activation, batch norm layer, with last layer ending with
softmax function. Since the dataset was relatively small,
convolutional neural network with the Image-Net pre-
trained weights was used.

To assess performance of the proposed model
for cervical cancer detection, we have used sensitiv-
ity, specificity and accuracy. Evaluation measures
were calculated according to the following formulas:

TP
Sensitivity = TP+—F1V

TN
Specificity = m
TP+ TN

A =
CCUracy = Tp X TN + FP + FN

Train confusion matrix

pap23

True label

pap45

'», &
& &

Predicted label

where true positive (TP) is the number of correctly
labeled positive samples, true negative (TN) is the
number of correctly labeled negative samples, false
negative (FN) is the number of true positive samples
incorrectly labeled by classifier as negative and false
positive (FP) is the number of true negative cases in-
correctly labeled as positive cases.

3. RESULTS AND DISCUSSION

Binary classification of the cervical samples
was done by obtaining Optomagnetic spectra of the
cervical smear samples and subjecting optomagnet-
ic spectra images to deep neural network VGG16.
Results of the developed convolutional network are
visualized using confusion matrix, where columns
represent labels predicted by the network and rows
represent true labels (Figure 2). Correctly classified
samples are shown on the diagonal.

Based on the results shown in confusion ma-
trix, sensitivity, specificity and accuracy are calcu-
lated. Proposed deep learning model for binary clas-
sification problem achieved sensitivity of 83.8%,
specificity of 78% and accuracy of 80.4%. Com-
pared to the results obtained by classical machine
learning models tested on OMIS spectra in previous
studies, results reported in this study are similar, with
the improvement of the sensitivity percentages. Per-
formance results of studies using Optomagnetic fin-
gerprint of Papanicolaou smear samples for cervical
cancer detection compared to the results achieved in
this study are given in Table 2.

Validation confusion matrix

pap23

True label

pap45

9 el
iy X e
2 =
P &

Predicted label

Figure 2. Confusion matrices for binary classification problem: Papanicolaou Il and Papanicolaou 11l group cases
labeled as “low-risk” vs. Papanicolaou IV and Papanicolaou V group cases labeled as “high risk” class
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Table 2. Classification accuracy comparison of different machine learning models using Optomagnetic spectra
parameters of stained samples and optomagnetic spectra images

Ref. Method Classification problem Sensitivity [%] | Specificity [%]
2] Naive Bayes 2-class (II Pap — V Pap) 78.16 97.92

[23] Random Forest | 2-class (II, III Pap — IV, V Pap) 37.14 98.97
Proposed | CNN 2-class (I, IIT Pap — IV, V Pap) 83.3 78

Naive Bayes classifier performed well in binary
classification problem, with the sensitivity of 78.16%
and specificity 97.92%. Still, classes used in the bina-
ry problem were made in the way to separate Il Papa-
nicolaou group samples (normal cells) from V Papani-
colaou group samples (cancer cells) [2]. Since normal
cells differ the most from the cancer cells, compared
to low and high squamous intraepithelial lesions, it is
expected that classification algorithm achieves high-
est scores in the normal/cancer classification prob-
lem (Table 2, Ref.2). However, if groups are formed
around normal cells and low squamous intraepithelial
lesion cells in one and carcinoma in situ and invasive
cancer in another class, classification model will have
more complex task, i.e. to find subtle differences be-
tween the degrees of cell abnormality leading to low
risk case or more severe outcome. In this classifica-
tion problem, Random Forest Model performed worse
than proposed deep learning model (Table 2, Ref.23
and Proposed), having a higher number of false neg-
ative results leading to low sensitivity percentage of
only 37.14. Deep neural network managed to over-
come this problem, and achieved sensitivity of 83.3%.
Specificity of proposed deep learning model is lower
than specificity of other machine learning models used
for cervical cancer detection based on Optomagnet-
ic spectra, still in the range of conventional screen-
ing tests in detecting high grade squamous intraepi-
thelial lesions and carcinoma (such as Papanicolaou
test specificity of 85.58%, and HPV test specificity
54.92%) [24]. Giving that the dataset in this study was
small in terms of deep learning principles, we could
not ensure fine tuning of the model on more samples.
Moreover, model could not be trained on more pos-
sible variations of the images themselves since the
augmentation of the dataset by rotating, flipping or
any other type of transformation would disrupt the po-
sition of characteristic peak position and intensity in
Optomagnetic spectra.

4. CONCLUSION

This study introduces novel approach to cervi-
cal cancer detection based on Optomagnetic imaging
spectroscopy and deep learning classification model.
For the first time images of the Optomagnetic spec-
tra of the Papanicolaou smears were used for binary
classification problem into “low risk’ and “high risk”
classes. High risk class labels carcinoma in situ and
invasive cervical cancer cases, while low risk class
comprises of normal and low to mild grade squa-
mous intraepithelial lesion cells. Compared to pre-
vious classification algorithms used for binary clas-
sification problems and OMIS, deep learning model
gave better results in terms of sensitivity (83.3%),
while the specificity was lower (79%). All perfor-
mance measures are in the range of the conventional
screening test measures with the expectancy that the
sensitivity and specificity will improve with the in-
crease of the data amount. Downside of using spec-
tra images is that classical augmentation transfor-
mations cannot be done since they would interfere
with the information captured inside of spectra peak
position and intensity. To overcome this problem,
more samples should be collected in following stud-
ies. Moreover, if we ensure that the classes are well
balanced, classification into more than two classes
will be possible.
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ITPUMEHA AJI'OPUTMA JYBOKOI' YUEIbA 3A IETEKIINJY
KAPIHUHOMA I'PPIN'hA MATEPUIIE HA BA3U CJIMKA

OIITOMATHETHUX CIIEKTAPA

Casxerax: Y Wby IOAATHOT HCIIUTHBAIGA TOTEHIIHM]jaJIa ONTOMArHETHE HMHLIMHT CHIEKTPOCKOIHjE Y Tie-
TEKIHjU KaHIlepa Tpiuha MaTepuIle, IPUMEHCH j& aITopUTaM JyOOKOT yuerma 3a KiIacu(UKaIrjy OnTo=
MarHeTHHX CIIeKTapa y3opaka. ONTOMarHeTH! CIIEKTPU caapike HH(popMaImjy o CBOjcTBUMa henmja u
Ha OCHOBY THX CBOjcTaBa OMOTyheHO je pa3nnkoBame HOpMaTHHUX henmja, hemmja ca pa3numauTuM cTe-
MIeHOM JucIutasrje u henuja kanepa. Y MpeTXoAHNM UCTPAKUBABLHMA, TIOKa3aH! Cy BUCOKH IPOLICHTH
TAQYHOCTH, CEH3UTHBHOCTHU U CIEU(DUIHOCTH ca KOjUMa ONTOMAarHeTHa MMUIMHT CIIEKTPOCKOIH]ja Jie-
TEKTyje KaHIep rpinha Marepuie y ciaydajy OuHapHe kiacudukanuje, J0K Cy HEIITO HHKH MPOLEHTH
MOCTUTHYTH y CITy4ajy Kiacu(uKaIiyje y 4eTHpH Kinace. Y mopehemy ca pesyiaratiuma q00HjeHUM KOH-
BEHIMOHAJIHUM aJITOPUTMUMA MAIIMHCKOT yuerha 3a Kiacu()UKaIujy, MPeIoKeHH aIropuram Jy0oKor
yuea je 1ao CIIMYHE pe3yiTare mo nutamy TadHocTH (80%), Behy censutuBHOCT (83,3%) 1 koMmapa-

owtHy cnienupuanoct (78%).

KibyuHe peum: onToMarHeTHa MMHUIIMHT CIIEKTPOCKOIHja, KaHIEp rpyuhia Marepuile, 1yOOKo yuehe,

KOHBOJIYIIMOHE HEYPOHCKE MPEXE.
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