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Abstract

Objective: This study aimed to use machine learning, a branch of artificial intelligence, to predict the persistence of
high-risk HPV in women who have undergone conization surgery.

Materials and Methods: This retrospective study was conducted between 2018 and 2023 in the Gynecology and
Obstetrics Clinic of Balikesir University Health Practice and Research Hospital. A dataset of 69 female patients between
the ages of 23-67 years; for the prediction of HPV status 1 year after the conization operation, the patients’ data were
recorded according to the criteria we determined, and these data were analyzed and classified using machine learning
methods. Various Machine Learning methods such as Gradient Boosting, Support Vector Machine (SVM), Catboost,
Random Forest (RF), and Naive Bayes (NB) are used here.

Results: We found the highest accuracy rate in Random Forest, and Catboost with 76 %. Gradient Boosting followed
with a score of 67%, and Naive Bayes and Support Vector Machine (SVM) performed considerably lower, with scores of
48% and 43%, respectively.

Conclusions: Our results show that machine learning, a novel use of artificial intelligence, is effective in predicting the
persistence of high-risk HPV. Further studies with more data will be a promising and useful tool for HPV and cervical
cancer screening in the future.
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Amag: Bu ¢alisma, konizasyon ameliyati geciren kadinlarda yiiksek riskli HPV’nin kaliciligini tahmin etmek i¢in
yapay zekanin bir dali olan makine 6grenimini kullanmay1 amagladi.

Gereg ve Yontem: Bu retrospektif calisma 2018-2023 yillar1 arasinda Balikesir Universitesi Saghik Uygulama ve
Arastirma Hastanesi Kadin Hastaliklar1 ve Dogum Kliniginde gerceklestirildi. 23-67 yas arasi 69 kadin hastadan
olusan veri seti; Konizasyon operasyonundan 1 yil sonra HPV durumunun tahmini i¢in hastalarin verileri
belirledigimiz kriterlere gore kayit altina alind1 ve bu veriler makine 6grenmesi yontemleri kullanilarak analiz
edildi ve siniflandirildi. Burada Gradient Boosting, Support Vector Machine (SVM), Catboost, Random Forest (RF)
ve Naive Bayes (NB) gibi ¢esitli Makine Ogrenimi yéntemleri kullanilmaktadir.

Bulgular: En yiiksek dogruluk oranini %76 ile Random Forest ve Catboost’ta bulduk. Bunu %67 puanla Gradient
Boosting takip ederken, Naive Bayes ve Support Vector Machine (SVM) sirasiyla %48 ve %43 puanlarla oldukc¢a
diisiik performans gosterdi.

Sonuglar: Bu ¢alisma, yapay zekanin yeni bir kullanimi olan makine 6greniminin, yiiksek riskli HPV’nin kaliciligini
tahmin etmede etkili oldugunu géstermektedir. Daha fazla veri iceren ileri calismalar gelecekte HPV ve rahim agzi
kanseri taramasi icin umut verici ve faydal bir ara¢ olacaktir.

Anahtar Kelimeler: Servikal intraepitelyal neoplazi, insan papilloma viriisii, Yapay zeka, Makine 6grenme yontemi

INTRODUCTION

Papillomaviruses are small, non-enveloped
viruses with an approximately 8 kb circular
double-stranded DNA genome containing a
non-coding regulatory long control region
and eight open reading frames (1). Human
papillomavirus (HPV) represents the most
common sexually transmitted infectious
agent globally. The virus, which has
approximately 220 different subtypes, can
infect the skin and mucous membranes (2,3).
Of these, 40 subtypes have the potential to
infect the anogenital tract and especially
subtypes 16 and 18 have been identified as
critical high-risk types for the development
of cervical cancer (CC) (4).

In 2020, 604,000 new cases of CC were
diagnosed, 342,000 of which resulted in
death. It is recognized as the fourth leading
cause of cancer deaths in women (5). Almost
all CC cases (99.7%) can be attributed to
the presence of HPV(6). The development
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of CC is significantly influenced by
persistent infections from high-risk human
papillomavirus (HR-HPV) strains (7,8).
Fourteen HR-HPV types(16,18,31,33,35, 39,
45,51, 52, 56, 58, 59, 66, 68) are associated
with CC (9,10). The most common types of
HR-HPV are HPV-16 and HPV-18. In our
country, where HPV-based cervical cancer
screening has been implemented since
2014, women between the ages of 30-65
are screened. Colposcopy is recommended
for women who are HPV 16 and/or 18
positive, regardless of cytology. In other
high-risk HPV-positive women, co-testing is
recommended after 1 year in the presence
of normal cytology. At the same time,
colposcopy is recommended in the presence
of abnormal cytology (11). Conization is
the process of cone-shaped removal of the
cervix by covering the transformation zone
according to the colposcopy result.

While cervical cancer screening protocols
are increasingly moving towards HPV-based
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tests, the accuracy of abnormal cytological
findings in the detection of dysplastic lesions
is still of great importance. Conventional
cervical cytology and colposcopy show
higher accuracy rates as the grade of lesions
increases. Detection of HPV may help to
avoid unnecessary surgical procedures,
especially in the case of ASCUS (12).

Our aim in this study is to develop a new
strategy to minimize the wunnecessary
administration of treatments, such as
colposcopy and conization. The new
prediction strategy will reduce high
healthcare costs and maximize the benefits
of CC screening worldwide. Based on
this knowledge, we aimed to predict the
recurrence and persistence of HPV in HPV-
positive patients using machine learning
methods, a branch of artificial intelligence
(AD).

MATERIAL AND METHODS

Study design

This study included 69 female patients
betweentheagesof23and67years(mean26)
who applied to the Obstetricsand Gynecology
Outpatient Clinic of xxx University Health
Practice and Research Hospital for routine
gynecological examination or gynecological
complaints between 2018 and 2023.

Demographic data such as age, BMI,

blood group, gravida, parity, abortion
history, smoking, history of use of oral
contraceptives or intrauterine device,
and HPV vaccination [GARDASIL (types
6,11,16,18) and GARDASIL-9 (types
6,11,16,18,31,33,45,52,58)] were obtained
from the file archive.

Table 1 Demographic data of the patients

Age 43%* (23-67)
BMI 26,6* (17,2-37,2)
Gravide 3% (0-8)
Parity 3% (0-5)
Abortion 1* (0-5)
(*median)

Age, BM], gravida, parity, and abortion were
entered into the artificial intelligence model
with the patients’ exact values (Table 1).

Patients’” ABO-Rh values were trained as
group 1 (A Rh+), group 2 (0 Rh+), group 3
(B Rh+), group 4 (A Rh-), group 5 (0 Rh-),
group 6 (AB Rh+), group 7(no data) in the
artificial intelligence system. Smoking was
classified as minimum 5 pack/year smokers
(group 1), non-smokers (group 2), and no
data (group 3). Patients with Gardasil-4
vaccines were classified as Group 1, patients

Table 2 Demographic data of patients (each section is grouped separately in the

artificial intelligence)

Group ABO-Rh Smokers HPYV vaccination OC or IUD
1 20(ARh+) 26(+) 5 (Gardasil4) 13 (+)
4
2 17(0Rh+) 23(-) (Gardasil9) 36(-)
3 13(BRh-) A 40 (no vaccination) 20(no data)
data)
4 10(Arh-) 20(no data)
5 4(0Rh-)
6 3(ABRh+)
7 2(no data)

(HPV: Human papillomavirus, OC: Oral Contraceptive, [IUD: Intrauterine device)
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with Gardasil-9 vaccines as Group 2, those

with no HPV vaccination as Group 3, and
those with no data as Group 4. Patients
with any history of oral contraceptives or
intrauterine device use or with use for less
than 5 years were classified as group 1,
those with a history of use for more than 5
years were classified as group 2 and no data
was group 3 (table 2).

Additionally, values included in the artificial
intelligence evaluation were the HPV results
before conization and the histopathological
examination results following conization.

HPV results before conization were
classified as HPV 16-18 positive group 1,
HR-HPV other types (HPV 31, 33, 35, 39, 45,
51, 52, 56, 58 and 59) positive group 2, and
HR-HPV negative group 3. Patients with no
data were classified as group 4 and patients
who were positive for HR-HPV 16-18 and
others together were classified as group 5
(Table 3).

The colposcopic biopsy results were
categorized by the artificial intelligence
system as follows: HPV 16-18 positive

group 1, HR-HPV (other types, including
HPV 31, 33, 35, 39, 45, 51, 52, 56, 58, and
59) positive group 2, and HR-HPV negative
group 3 (Table 4).

The conization pathology results were
classified as CIN 1 (Group 1), CIN 2 and/
or CIN 3 (Group 2), and negative Group 3
(Table 5).

Demographicdataforsomepatientswerenot
available; however, their age and BMI values
were included in the artificial intelligence
models, calculated using the median value,
and the remaining demographic data were
coded as unavailable.

Random Forest, Gradient Boosting, SVM,
CatBoost, and Naive Bayes were used as
artificial intelligence models for the study.
All models aimed to predict the HPV results
in 1 year after conization. HPV values one
year later were coded as HPV 16-18 class 1,
HPV other class 2, and HPV negative class
3 in the artificial intelligence system. After
1 year, there were no patients with HPV
16-18 and the other group together, so no
additional class was created.

Table 3 Distribution of HPV types before conisation operation

Number of Observation Group
Observations Percentage entry to Al

1

HPV-16-18 22 31,8%
HPV other 24 34,7% 2
Negative 11 15,9% <
No data 5 7.2% 4
HPV 16-18 and R

7 10,1%

others

Table 4 Distribution of colposcopic biopsy results before conisation operation

CIN Types Number of Observations Observa:;(;Iel Percen- Grotl:)p:;l fry
CIN-I 31 44,9% 1
CIN-II-II 23 47,8% 2
Negative 5 7,2% 3
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Table 5. Distribution of conisation histopathological results results

CiNTypes  humberof | Observation  B19% TV 0
CIN-I 13 18,8% L
CIN-I1I-111 23 23% 2
Negative 24 34,7% £

In conclusion, HPV results before conization,
conization pathology results, and the
demographic data listed above were used
to train the artificial intelligence to assess
the predictability of HPV results 1 year after
conization.

2.2. DNA Isolation

The presence and genotype distribution
of HPV-DNA in cervical swabs were
investigated by real-time PCR (RT-PCR).
Swab samples obtained from the patients
during gynecological examination were
transferred to a Digene HC2 DNA collection
device (Qiagen, Germany), a liquid-
based transport medium, and sent to the
microbiology laboratory. DNA isolation from
these cervical swab samples was performed
using the EZ1 Advanced XL isolation robot
(Qiagen, Germany) with the EZ1 virus
mini kit, following the manufacturers
instructions.

2.3. Detection of HR-HPV Positivity by
Real-Time PCR

The presence of HPV-DNA was first detected
with the QiaScreen commercial kit (Qiagen,
Germany) on the Qiagen Rotor-Gene Q
device (Qiagen, Germany). HPV 16, 18, and
other HPV types (31, 33, 35, 39, 45, 51, 52,
56, 58, 59, 66, 68) were detected in DNA
samples isolated with this kit.

2.4. Patient Selection in Colposcopic
Examination

CC  screening involved  colposcopic
examination in patients with HPV16 and
18, who were grouped as high-risk HPV
(HPV subgroups associated with CC) and
other HR-HPV-positive patients with
abnormal cytological findings in cytological
examinations. In colposcopy, firstly, the
mucus in the cervix was cleared, and then
3% acetic acid was applied for at least 30
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seconds, followed by treatment with Lugol
solution. The cervix was initially examined
classically using low  magnification.
Colposcopy, columnar epithelium, squamous
epithelium, and transformation zone were
evaluated. BX specimens were taken from
the areas with leukoplakia, hyperkeratosis,
aceto-white epithelium, fine or coarse
punctuation, atypical vascularity, and
mosaicism and subjected to histological and
immunohistochemical examination.

2.5. Conization

Treatment of CIN lesions involves ablation
or excision of the cervix to include the site
of transformation, followed by histologic
evaluation and assessment of lesion
margins. In the conization procedure, the
bladder is emptied to prevent bladder
injury in anesthetized patients. Following
appropriate wiping and draping, the cervix
was held with a tenaculum to facilitate
cervical movement. With the help of a
scalpel and cautery, the cervical lesion was
excised in a cone shape at least 5-7 mm deep
from the surface of the CIN, including the
cervical lesion and the transformation site.
The material was subjected to histologic and
immunohistochemical examination (13).

2.6. Statistical Analysis

Machine learning is a set of statistical
techniques that imitate the human mind,
analyze data, and develop correlations to
facilitate decision-making when it is difficult
or impractical to perform the necessary
procedures (14). In this study, Gradient
Boosting (GB), Support Vector Machine
(SVM), Catboost, Random Forest (RF), and
Naive Bayes (NB) algorithms were used
for various methods, including artificial
intelligence, machine learning, and deep
learning.
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2.6. Processing of data with machine
learning methods

Our computer system that we utilize has the
following specifications: Intel® Core™ i5-
9400F CPU (2.9 GHz, 9 MB cache, 6 cores),
16 GB RAM, and Windows 10 Pro 64-bit
operating system. The data was transferred
to a computer program in MATLAB (The
MathWorks Inc., MATLAB version: 9.13.0
R2022b) to perform several machine
learning methods.

GB is an algorithm for finding the minimum
of the function concerning the gradient
model parameter by taking the derivative
of the loss function with respect to the
predicted value (15).

CatBoost is an algorithm that is a member
of the Gradient Boosted Decision Trees
family, which enables the use of categorical,
heterogeneous data by using big data content
in machine learning studies (16). SVM is a
method developed to perform both linear
and non-linear multivariate classification
tasks. SVM transforms the input vectors
into a high-dimensional feature space and
generates a linear decision boundary to
distinguish between different classes of data
points. SVM is highly effective in processing
small and limited datasets (17). The essence
of the random forest algorithm is that it
creates many decision trees and tries to
aggregate the predictions on the trees. It
is used in the field of machine learning for
classification, regression, and other tasks.
Naive Bayes, which works with Bayesian
theory, is a probability-based algorithm that
calculates the probability of belonging to a
particular class. It is used for classification
and other tasks in the field of machine
learning (18).

TP (true positive) signifies the count of
samples accurately predicting the positive
category, TN (true negative) represents the
count of samples accurately predicting the
negative category, FP (false positive) denotes
the count of samples incorrectly predicting
the positive category, and FN (false negative)
indicates the count of samples incorrectly
predicting the negative category (19).

The classification status was analyzed by
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using the findings such as accuracy recall,
precision, and F1 score related to the
classification prediction. Accuracy is the
proportion of accurate predictions out of
the total number of predictions. Precision
is the ratio of positive predictions that truly
belong to the positive class to all positive
predictions. Recall is the portion of positive
examples in the dataset predicted as
positive. The F1 Score is a machine learning
evaluation metric used to evaluate the
performance of a classification model. The
F1 Score is defined as the harmonic mean of
precision and recall (19,20). The formulas
used to calculate these metrics are listed in
the range of Equation 1 - Equation 3 (22,23).

Equations;
1-Accuracy=(TP+TN)/(TP+TN+FP+FN)
2-Precision=TP/(TP+FP)

3-F1Score=2x((PrecisionxSensitivity)/
(Precision+Sensitivity))

RESULTS

69 patients were included in the study,
22 (31,8%) of them were positive for HPV
types 16-18, 24 (34,7%) of them for other
HR-HPV types, and 7 (%10,1) patients for
HR-HPV types 16-18 and others. 11 (15,9%)
patients were negative for HR-HPV types.
In other words, HR-HPV was positive in 62
(89.85%) and negative in 7 (10.15%) of 69
patients before the conization operation.
In 5 patients, the HPV result could not be
obtained before the conization operation.
The distribution of HPV types is shown in
Table 3.

The histopathological colposcopic biopsy
results before the conization operation
were evaluated, 31 (44.9%) of 69 patients
had CIN-I (LSIL- Cervical intraepithelial
neoplasia), 33 (47.8%) had CIN II and/or
[IT (HSIL- High grade cervical intraepithelial
lesion), 5 (7.2%) of the patients had no
cytology. The distribution of histopathology
biopsy values is summarised in Table 4.

For predicting the HPV result, the
histopathological evaluation result of
conization was also taken into consideration.
Ofthe 69 patients who underwent conization
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operation, 13 (18.8%) had CIN 1, 32 (46.3%) other hand, Naive Bayes and Support Vector
had CIN II and/or III, and 34 (24,7%) had Machine (SVM) performed considerably
negative results. This distribution is shown lower, with scores of 0.48 (48%) and
in Table 5. 0.43 (43%), respectively. These results

suggest that tree-based ensemble methods,
particularly Random Forest and CatBoost,
are more effective for this classification
task, while linear models, such as SVM, and
probabilistic models, like Naive Bayes, may
not capture the underlying patterns in the
dataset as effectively (Figure 6).

The confusion matrices obtained as a
result of the classification of the dataset
by Random Forest, GradientBoosting, SVM,
Catboost, and Naive Bayes methods are
shown in Figure 1-5.

Regardingmodel performance,bothRandom
Forest and CatBoost demonstrated superior
predictive capabilities, achieving scores of As a result of the analyses performed, the
0.76 (76%) each. Gradient Boosting followed precision, recall, and F1 score performance
with a score of 0.67 (67%), indicating solid criteria values of each class are shqwn in
but slightly less robust performance. On the Table 6, Table 7, and Table 8, respectively.

Table 6 Class 1 HPV16-18

Figure 1 Support Vector Machine (SVM
Model Precision  Recall F1 Sc.

Confusion Matrix

SVM 0.00 0.00 0.00

GB 0.00 0.00 0.00 . 0 1 3

RF 0.00 0.00 0.00

NB 0.00 0.00 0.00

cB 1.00 0.25  0.40 ;. 1
4

Model  Precision Recall F1 Sc. 2

SVM 0.69 0.56 0.62

GB 0.88 0.88 0.88 : o :

RF 0.80 1.00 0.89 Figure 2 Naive Bayes

NB 0.75 0.56 0.64 R—

CB 0.83 0.94 0.88 .

Model  Precision Recall F1 Sc. )

SVM  0.00 0.00 0.00 S '

GB 0.00 0.00 0.00

RF 0.00 0.00 0.00

NB 0.11 1.00 0.20

CB 0.00 0.00 0.00 i 2 3
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Figure 3 Random Forest

Conbasion Matrix

Figure 4 Gradient Boosting

Confusion Matrix

Sctual

DISCUSSION

CC is a severe health problem that affects
approximately 500,000 women worldwide
every year. Among the risk factors for the
development of CC, the leading risk factor
is exposure to HPV. Nearly all cases of CC
are attributed to HPV, a virus that can be
transmitted from one person to another
through sexual activity. Several variations of
HPV exist. Certain strains of HPV can induce
alterations in a woman»s cervix, potentially
progressing to CC, whereas other types
can result in the development of genital or
skin warts (24). In the majority of women,
HPV typically resolves on its own; however,
if it persists, there is a potential risk of it
progressing to CC over time. The virus is
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mainly acquired through sexual activity.
Moreover, an elevated risk of developing
CC is associated with long-term use of birth
control pills (5 years or more), having given
birth to 3 or more children, having multiple
sexual partners, smoking, and immune
system disorders (25).

The PAP Smear Test, the most commonly
used screening method, is a cytological
screening test based on the collection and
examination of cervical cells. After this scan,
the doctor will visualize the cervix with a
colposcopy device. This cytological screening
test detects precursor cervical lesions.
With cancer treatment at this stage, cancer
development can be prevented before the
cells turninto cancer. The PAP test, employed
for early diagnosis, is a readily applicable,
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cost-effective, non-invasive, highly sensitive
screening method that minimizes mortality,
morbidity, and the burden of treatment
(26,27). Another important method for early
diagnosis and screening of CC is the HPV
DNA test. Of all available cervical screening
tests, the HPV test is the most objective and
reproducible. The association between the
HPV DNA test and CC has been established,
with the presence of HPV DNA demonstrated
in 99.9% of CC patients (27).

Cytological evaluation of cervical smears
and simultaneous HPV DNA testing of the
same sample is called «co-test». Co-testing is
currently the mostwidely accepted screening
method for women over 30 years of age
(28). American Society of Colposcopy and
Cervical Pathology and American College of
Obstetricians and Gynecologists recommend
that women aged 30-65 years should be
screened every five years with a co-test.
Since HPV infections in people under the
age of thirty are quite transient, a standard
test is not recommended for this age group.
Therefore, screening with cytology only is
recommended every three years between 21
and 30 years of age (27).

Previous studies have shown that HPV
persistence persists for a long time in 10-
20% of patients and results in cervical
squamous intraepithelial lesions (SIL). HSIL
has a high carcinogenic risk and should be
treated on time for viral DNA integration,
while unnecessary screening and treatment
should be avoided as LSIL is mostly
associated with transient HPV infection, and
60% of these are known to resolve within 1
year (29,30).

Artificial intelligence is a field of computer
science that focuses on analyzing complex
medical data and can be used to predict
diagnosis, treatment, and outcomes in
a variety of clinical situations (28) [35].
Artificial intelligence applications such
as machine learning methods have been
widely used in medicine and significant
gains have been achieved. Research on using
artificial intelligence applications in HPV
screening methods has started to appear
in the literature (31). Xue et al. stated that
the diagnostic performance of the artificial
intelligence-assisted liquid-based cytology
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(AI-LBC) triage approach was compared
with cytologist evaluations and HPV16/18
genotyping, and the sensitivity of AI-LBC was
found to be similar to that of cytologists, but
significantly higher than HPV16/18 typing
in CIN II+ detection (23). It is reported that
AI-LBC reduced the colposcopy rate by 10
% compared to cytologists. Colposcopy
diagnosis and referral to biopsy are essential
components of CC screening programs (22).
However, the performance of these programs
is limited by the need for experienced
colposcopists. Xue et al. developed an Al-
assisted colposcopic companion diagnostic
system to grade colposcopic impressions
and guide biopsies by processing colposcopic
images, clinical information, and pathology
results of 19,435 patients to train the Al
algorithm, evaluate its performance, and
validate the results. The concordance
between colposcopic impressions graded by
their Al algorithm and pathology findings was
higher than that of colposcopies interpreted
by colposcopists. It showed higher sensitivity
than colposcopists for detecting pathologic
high-grade squamous intraepithelial lesions
or worse (HSIL+) (22).

Another wuse of artificial intelligence
applications in cervical cancer screening is to
analyzecervical cytologyonhistopathological
images. Tan et al. and Bumrungthai et al.
stated that by collecting cytological test
images diagnosed by pathologists from
several partner hospitals in differentregions,
a deep convolutional neural network model
that can assist pathologists in cervical
cancer screening is designed (24,32). The
images were divided into a training dataset
(13,775 images), a validation dataset (2301
images), and a test dataset (408,030 images
from 290 scanned replicates) for training
and impact evaluation of the faster region-
based convolutional neural network system.
It has been reported that the system has
a sensitivity of 99.4 % and specificity of
34.8%, can distinguish between negative
and positive cells, and has high sensitivity in
the evaluation of ASCUS, LSIL, and HSIL (24).

Ali et al. stated that various machine
learning algorithms such as Instance-Based
K-nearest neighbor (IBK), KStar, Split-Point
and Attribute Reduced Classifier (SPAARC),
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Random Tree (RT), and Random Forest
(RF) are used to detect early-stage cervical
cancer (25). The input features of the study
include parameters such as the patients
age, number of sexual partners, age at first
sexual intercourse, and gestational age. The
output features of the study are positive or
negative biopsy, cytology, Hinselmann’s
and Schiller’s results (26). As a result of the
analyses performed in Ali et al.’s study, the
performance of the methods was measured
with the help of accuracy, precision,
sensitivity, F1 score, and specificity metrics
(25). Among all the applied classifiers, the
best classifiers for the accuracy metricare RT
for biopsy and cytology, RF for Hinselmann,
and IBK for Schiller. The best sensitivity,
precision, and F1 score values were obtained
with RT for biopsy and cytology, RF for
Hinselmann, and IBk for Schiller. The best
values for specificity were obtained with
RF for biopsy, Hinselmann and Schiller, and
SPAARC for cytology(25).

Using machine learning methods to detect
cervical cancer, prediction models are
developed in Lilhore et al’s study (33).
In these models, SVM, RF, DT, and Boruta
Analysis methods were used to search for
the model that provides the most effective
feature selection and classification service
for cervical cancer datasets. As a result
of the study, Boruta analysis and random
forest methods performed better than other
methods in terms of accuracy, precision, and
other parameters in determining the risk
and type of cervical cancer.

Currently, there has been extensive research
and advances in machinelearningalgorithms
for diagnosing, predicting, and forecasting
the onset of numerous diseases.

In this study, both Random Forest and
CatBoost showed superior prediction
abilities with 76% prediction rate in
predicting HPV persistence using machine
learning methods of Al. Machine learning, a
branch of Al, can predict HPV persistence 1
year later based on age, smoking, pregnancy
history, BMI, baseline HPV status, and
colposcopic and conization histopathology
results. These results suggest that the
machine learning method of Al can be used
to develop an effective prediction strategy
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for the incidence of persistence in high-risk
HPV-positive women.

Our study included a relatively small sample
size of 69 patients, and both the missing
data and the small number of patients
result in less reliable and less generalizable
findings. Therefore, prospective and more
comprehensive studies on this topic are
needed to evaluate the performance of Al
strategies. For the first time in the literature,
we evaluated the predictive performance of
machine learning methods in screening for
human papillomavirus (HPV) persistence
after a conization operation. If we expect
high-risk CIN after the following HPV result,
planned conization can be performed
more thoroughly by gynecologists to
reduce recurrences. Adopting this method
can not only increase the success of the
final cervical conization but also reduce
overtreatment procedures and unnecessary
deep conizations. This Al-linked strategy
maximizes the benefits of CC screening
while minimizing potential unnecessary
healthcare costs globally. CIN is a disease
that patients are concerned about, and Al
is creating a method that enables more

objective  counseling about patients»
prognosis.
CONCLUSION

Our results demonstrate that machine
learning, a novel application of artificial
intelligence, is effective in predicting
the persistence of high-risk human
papillomavirus (HPV). Further studies with
more data will be a promising and useful
tool for HPV and cervical cancer screening in
the future.
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