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Abstract— This study focus on approximating the A. The Development of Human Papillomavirus (HPV) In
prevalence of Human papillomavirus (HPV) among both male Men
staff and students of Ibrahim Badamasi Babangida University
in Nigeria, and to analyze both high-risk(hr) and low-risk(Ir)

factors associated with the persistence of the virus in men which ) h . .
is the leading cause of cervical cancer in women after sexual development among women has been 5-times to 9-times on

intercourse. When an HPV-infected man is left untreated for a  the increase in Spain. This means that men with multiple
long period of time, it raises the opposite sex (vomen) at a future ~ Sexual partners and married men with extramarital sexual
risk of cervical cancer development in the future after the  partners who are mostly infected by HPV-16, 18, 31, and 33
occurrence of sexual intercourse. This paper model high-level ~ subtypes tend to put their wives at a higher risk of cervical
python algorithms to categorize, quantify, classify, and predict cancer [10]. Hence, related studies have revealed that men are
the male participant(s) who belong to HPV high-risk or low-risk  the utmost carriers of HPV infections [11] and it is likely to
group using Neural Network Algorithm (NNA), Random Forest ~ persist overtime in men than in women [1]. The persistence
Algorithm (RFA), and K-Means Clustering Algorithm  of HPV in men has resulted into both life-threatening and
(KMCA). noncritical kind of diseases [12]. Certain life-threatening
. . . types of these diseases are the Anogenital Tract (AT) and

Keywords— Cervical Cancer, Human papillomavirus (HPV),  (Jpper Aero-Digestive Tract (UADT) cancers and other kinds

HPV high-risk group, HPV low-risk group, K-Means Clustering  f carcinoma in-situ are minimally invasive cancers [4].
Algorithm (KMCA), Neural Network Algorithm (NNA), Random

In 1996, a group of researchers revealed that due to the
sexual behavior among men, the risk of cervical cancer

Forest Algorithm (RFA) The most commonly observed pathway for HPV infection
is sexual intercourse; HPV can only be transmitted during
[ INTRODUCTION unsafe sexual practices through vaginal sex, oral sex, and anal

Recently, many studies have focused on the prevalence of ~ sex [13]. Unsafe sexual practices is the act of having
Human papillomavirus (HPV) and its effects among women unprotected sexual intercourse [6] with an HPV-infected
only, thereby neglecting the fact that men are the leading  persons or person (mostly opposite sex) [14] which is a risk
cause of this persistent virus [1]. HPVs are a non-enveloped factor for the prevalence of HPV infection in men. However,
and icosahedral double-stranded DNA [2] kind of viruses it has been revealed that men who have sex with men (MSM)
which are known to be a common Sexually Transmitted  are at a higher risk of HPV-infection caused by anal sex.
Infection (STI) from the male to the female during sexual Although, men who are more at a higher risk are specifically
intercourse [3], [4]. This viral infection is classified into low- ~ associated with receptive anal sex and a multiple number of
risk HPV (IrtHPV) and high-risk HPV (hrHPV), which are sexual partners [15]. When a man is HPV-infected with the
assigned with numbers called subtypes and causing different =~ HPV (subtypes such as 16 and 18), the persistent virus cannot
types of physiological pathosis. The high-risk HPV subtypes  directly lead to cancer. The virus is left untreated for a long
are HPV-16, 18, 31, 33, 35, 39, 45, 51, 52, 56, 58, 59, 68, 73 period of time, develops into precursor lesions [15] and then
and 82, while the low-risk HPV subtypes are HPV—6, 11,40,  begins to spread around the reproductive system. The
42, 43, 44, 54, 61, 70, 72, 81, and 89 [5]. Many development of HPV in men is likened to the development of
epidemiological studies have revealed that infections from  an infected host cell-cycle. When a man is infected by HPV,
low-risk HPV subtypes usually clear over a certain period of ~ the virus invades a host cell in the basal layer of epithelia (i.e.
time without medical interventions while infections from  the innermost layer of the continuous sheets of the skin cells)
high-risk HPV subtypes mostly result into cancerous diseases ~ through minor cuts and scrapes [16]. Overtime, the host cell
[5]. The resulting physiological pathosis mainly affects both ~ begins to divide (this process is known as replication cycle),
the reproductive system of men and women; which is caused ~ thereby replicating itself [17]. When the HPV DNA is
by high-risk HPV-infections (subtypes are mostly HPV-16  replicated, it further leads to genetic mutations in the host
and 18 which are classified as oncogenic HPV subtypes) in  cells that can possibly develop into cancer in future [18].
women results into cancer of the cervix, cancer of the vulva,
cancer of the vagina, and cancer of the anus, while in men,
high-risk HPV-infections results into cancer of the anus and 4. §sdy Population
cancer of the penis [1], [6], [7]. However, low-risk HPV-
infections (subtypes are mostly HPV-6 and 11 which are
classified as non-oncogenic HPV subtypes) in men and
women results into anogenital warts (i.e. benign epithelial
tumors) [8], oral lesions(i.e. ulcer of the oral cavity/mouth
ulcer), common warts, and plantar warts [9].

II. MATERIALS AND METHODS

This study includes over one hundred and fifty (150) male
participants of Ibrahim Badamasi Babangida University in
Nigeria, which were both students and staff of the university.
All the participants who participated in the assessment were
provided with a written consent that informed them about of
the purpose of the study and the knowledge they would gain
as a result of participating. However, the study remains
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anonymous in order to respect and protect the participants
privacy. Among many who volunteered to participate in the
assessment, only 100 participants were qualified to be
included in the study. The selection criteria were based on the
following;

e Age: Participants who indicated to be between 18 —
60 years old.

e Demographic factor:  Participants
student/staff of Ibrahim Badamasi
University in Nigeria.

e Record of sexual experience: Participants who
indicated to have had sex in their lifetime, one/more
sexual partners, and practice protected/unprotected
sex.

who are
Babangida

B. Data Collection

An online questionnaire, known as Human
Papillomavirus (HPV) Assessment Test (HAT) was
developed with the use of Google forms as a tool for data
collection which included complete anonymity of the
participants data following the currently established General
Data Protection Regulation (GDPR) privacy policies [19].
The online questionnaire was designed in form of an
assessment with embedded scores/points which are
automatically evaluated and summed up to show the level of
HPV risk for each participant depending on each option
selected while responding to the questions. The overall
assessment was 70 points, whereby participants with <20
points are categorized as HPV low-risk carriers while
participants with >21 points are categorized as HPV high-risk
carriers. There were fifteen (15) questions included in the
questionnaire which could provide answers about the
participant’s social and demographic data, safe/unsafe sexual
practices, sexual intercourse activities/behavior, and
knowledge, attitude, and perception (KAP) as related to HPV.

C. Data Analysis and Statistical Analysis

Data analysis was carried out using python programming
algorithms and descriptive statistics. The data contains a
detailed information of males who are likely to be infected
with HPV based on the HPV-related risk factors contained in
the questionnaire. These risk factors are most closely
associated with HPV-infection, which systematically shows
the level of risk according to their Age at First Sexual
Intercourse (AFSI), Multiple Number of Sexual Partners
(MNSP), Sexual Lifestyle and Practices (SLP), and
Knowledge, Attitude and Perception/Practices (KAP) of
HPV, HPV vaccine, and HPV-related infections. Males who
tend to have a high-risk of HPV infection as categorized
based on the risk factors are potential HPV carriers and are
the cause of cervical cancer in females who get infected by
them and are not treated for several years. As for data
analysis, fifteen (15) questions were selected from the
questionnaire, which was used to classify which participants
are categorized as high-risk/low-risk HPV carriers which is
in correlation with the total score of the assessment of each
participants in the data. In order to achieve this classification,
the Neural Network Algorithm (NNA), Random Forest
Algorithm (RFA), and K-means Clustering algorithms were
applied using python programming language.

1) Neural Network Algorithm (NNA)
The Neural Network Algorithm (NNA) is an algorithm
that imitates the neuron in the human brain [20]. In this paper
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the NNA takes series of input variable from the male HPV
dataset as input (X; ..., X,) and then learns the dependent
output data as output (¥, ..., ¥,) [21]. The input variables
includes both low- and high-risk factors of HPV which are
used to predict at random the output data (i.e. to predict
participants who belongs to low/high-risk HPV group) [22].
The NNA takes in data as binaries (0 and 1). Hence, in order
to learn multiclass variable in the case of the male HPV
dataset with various scores (which helps to predict the output
group: low/high-risk), the input results is taken from product
operation [21].

2) Random Forest Algorithm (RFA)

Random Forest Algorithm (RFA) is an algorithm for
supervised learning which is mainly used for classification
problems/sample classification [23]. It can be applied to
perform regression and classification for data analysis. RFA
is known to have the attributes/characteristics related to
decision trees (i.e. Information Gain, Gini Impurity, and
Information Entropy); this algorithm will be applied to each
of the features (i.e. risk factors contained in the data) in order
to classify the participants into their classes (low/high-risk
group). Hence, yields different decision trees [24], [25]. In
this paper, RFA classifies the male HPV dataset by selecting
which feature(s) mostly defines or contains a detailed
information about all given classes.

3) K-Means Clustering Algorithm (KMCA)

Firstly, clustering is an unsupervised learning approach
for classifying data; by partitioning/grouping the data into
smaller clusters given the features represented in the data
[26], [27]. Hence, K-Means Clustering Algorithm (KMCA)
is the classification of n features/observation data and &
integer clusters [28]. In this paper, the KMCA worked
perfectly for features represented graphically as it is the most
efficient kind of algorithm used for the male HPV dataset.
Therefore, the high-risk HPV group were clearly separated
from the low-risk group.

III. RESULTS AND DISCUSSION

A. Sociodemographic Factors

TABLE I. Sociodemographic Factors

Factors Count Percentage
Age Group (years)
18-25 23 23%
26-30 23 23%
31-40 41 41%
41-50 10 10%
51-60 3 3%
Marital Status
Single 61 61%
Married 37 37%
Divorced 2 2%
Monthly Income (NGN)
<30,000 16 16%
30,000 — 60,000 23 23%
60,000 — 90,000 22 22%
90,000 — 120,000 13 13%
>120,000 26 26%
Level of Education

Elementary/Primary School 2 2%
High School/Secondary School 13 13%
Bachelor's Degree 54 54%
Master's Degree 24 24%
Doctorate Degree 7 7%

Using descriptive statistics, Table 1 reveals certain
significant percentages for the population sociodemographic
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factors. The population shows a higher number of middle-
aged; thus 41(41%) of the participants indicated to be
between the age of 31 — 40 years. Hence, the population
contained few young-adults and very few older-adult, where
23(23%) indicated to be between 18 — 25 years, 23(23%)
indicated to be between 26 — 30 years, 10(10%) indicated to
be between 41 — 50 years and only 3(3%) indicated to be
between 51 — 60 years.

Since the assessment was mostly taken by participants
who work/study in an university (i.e. an academia
environment), statistics reveals that most of the participants
were singles; thus 61(61%) indicated to be singles, 37(37%)
indicated to be married, and only 2(2%) indicated to be
divorced.

This study shows that most of the participants do not earn
enough income to care for their needs or pay for medical bills;
thus, 16(16%) earned <#30,000, 23(23%) earned between
#30,000 — #60,000, 22(22%) earned between #60,000 —
#90,000, 13(13%) earned between #90,000 — #120,000, and
26(26%) earned >#120,000 above. Poorly, 16(16%) of the
participants who indicated to earn <#30,000 monthly which
is the same as the National Minimum Wage (NMW) for
federal workers in Nigeria could be living in abject poverty.
Since, statistics discovered that for an individual who resides
in Nigeria, #43,200 is the estimated cost of living while for a
family of four is estimated to be #137,600 [29], [30]. Our
study shows that the participants of this assessment do not
earn enough income to take care of their family in case of the
married ones who earns <#30,000 —#120,000 which is not up
to #137,600 which is estimated to carter for an entire family.
Hence, due to lack of fund the population are likely to be
HPV-infected but are not aware since the healthcare system
of Nigeria is not free, and they are unable to pay for checkups,
medications and medical bills.

The population under investigation were mostly
academician, hence, statistics reveals a high level of
education among the population. There were only 2(2%) who
indicated to hold an elementary/primary school certificate,
13(13%) indicated to hold a high school/secondary school
certificate, 54(54%) indicated to hold or currently undergoing
a bachelor's degree, 24(24%) indicated to hold or currently
undergoing a master's degree, and only 7(7%) indicated to
hold a doctorate degree. Therefore, those who indicated to
hold an elementary/primary and a high school/secondary
school certificate are likely to be non-teaching staff who work
in the university, 54(54%) who indicated to hold or currently
undergoing a bachelor's degree and 24(24%) who indicated
to hold or currently undergoing a master's degree are students
of the university, and 7(7%) who indicated to hold a doctorate
degree are likely lecturers/instructors of the university.

B. Data Training and Loss Function

1) Training and Validation Loss for Neural Network
Algorithm (NNA)

The loss graph shows a learning curve in the Neural
Network Algorithm (NNA). It computes the difference
between the predicted label (for scores) and the actual label
(HPV scores for entire population). The HPV Assessment
Test (HAT) computes a score for each participant which can
be used to predict if a participant belongs to the high-
risk/low-risk group. Using the NNA, if the HPV scores for
entire population computes to zero (0) [31], it means that the
model prediction is perfect. In this study, where the

epoch=150, computation=0 for the model [32] to predict the
labels given the HPV features (risk factors contained in the
data). The effect of the loss function is to make sure that each
datapoint of the features are classified properly/perfectly.

Training and validation loss

® 1raining loss
— validation loss

Epochs

Fig 1: Loss Graph for Neural Network Algorithm (NNA)

2) Training and Validation Accuracy for Neural Network
Algorithm (NNA)

The accuracy graph shows how well the Neural Network
Algorithm (NNA) performed in classifying the scores (labels)
given the number of input data. It shows the ratio of
prediction correctness/efficacy [33] of the male HPV dataset.
The Accuracy for validation and training is given as 95% and
96%, which shows that the NNA performs well in classifying
each feature provided with the scores.

Training and validation accuracy

- - " ® ® a * = = =
—— Validation ace - =

Fig 2: Accuracy Graph for Neural Nerw'ork Algorithm (NNA)

3) Training and Validation Loss for Random Forest
Algorithm (RFA)

In computing the loss graph for Random Forest
Algorithm (RFA), the Out of the Bag (OOB) estimate was
used to compute the average loss for each computed
prediction from each boosted decision tree that do not contain
in their respective bootstrap samples. The training of the male
HPV dataset demonstrates how the OOB estimate can be
measured at the addition of each new tree during the training
[34].

forest model loss

25 5.0 5 w0 125 150 s 200
estimator

Fig 3: Loss Graph for Random Forest Algorithm (RFA)

4) Training and Validation Accuracy for Random Forest
Algorithm (RFA)
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The accuracy achieved in training the Random Forest
Algorithm (RFA) on the male HPV dataset is 0.45/45% given
20 trees (was done using 20 estimates to classify the data).

forest model accuracy
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Fig 4: Accuracy Graph for Random Forest Algorithm (RFA)

5) Training and Validation Loss for K-Means Clustering
Algorithm (KMCA)

In order to compute the loss function for K-Means
Clustering Algorithm (KMCA) which basically tells the
difference between the predicted labels and actual labels. The
KMCA uses the ‘elbow method” [35] which
measures/computes the number of clusters in the male HPV
datasets. The ‘elbow method’ performs a series of k iterations
and record the Sum Square Errors (SSE) [36]. During the
training of the male HPV dataset, there is a convergence from
n clusters from k-5 to k-20.

loss function for the Kmeans clustering

//////

7 10.0
nclusters

Fig 5: Loss Graph for K-Means Clustering Algorithm (KMCA)

6) Training and Validation Accuracy for K-Means
Clustering Algorithm (KMCA)

The K-Means Clustering Algorithm (KMCA) gave an
accuracy of 0.26 or 26% and the resultant effect on the
algorithm being an unsupervised algorithm is to learn the
similarities in features and group in their label clusters [28].
The result here showed that the KMCA performed poorly in
classifying the features to their respective labels.

a7.3

Accuracy function for the Kmeans clustering

Accuraty
o o

Fig 6: Accuracy Graph for K—Means" Clusterzng Algorithm (KMCA)
C. Prediction for HPV High-risk/Low-risk Group

For classification, low-risk HPV (IrHPV) group/carriers
are participants with <20 points while high-risk HPV
(hrHPV) group/carriers are participants with >21 points.

1) Classification with NNA for MNSP and AFSI

As shown in Figure 7 below, NNA was used for the
classification of the risk factors/features for HPV (i.e.
Multiple Number of Sexual Partners (MNSP) and Age at First
Sexual Intercourse (AFSI)). These features are classified into
categories which are then identified by different colors given
by each score labels. As mentioned above, IrHPV group are
participants with <20 points while hrHPV group are
participants with >21 points. The high-risk group have a
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higher tendency of infecting women with HPV; they are
clearly identified by colors and shows participants with
MNSP who started having sex at a young age (AFSI), scores
are 20/70 — 25/70 points.

Weural Network results from HPV_Assessment_Test(HAT)

sesssesse

sssnes

F

Fig 7: Classification with NNA for MNSP and AFSI

2) Clustering with KMCA for MNSP and AFSI

Using KMCA as shown in Figure 8 below, predicted
labels reveals clustered features identified with each colored
label. These colors are chosen at random to identify each of
the labels. This tells which group given their labels have a
higher tendency of infecting women with HPV and which
group does not. The predicted labels are represented in the
clusters of their own colors. The graph below shows a group
of participants MNSP and AFSI; these features are grouped
according to their scores and are described in the legend of
the graph. Scores are 10/70 — 60/70 points. Each of the scores
measures the risk each male-participant poses to their
partners (women). The graph shows a good prediction with
true labels.

Fig 8: Clustering with KMCA for MNSP and AFSI

3) Clustering with KMCA HPV Vaccinated/Non-
vaccinated Participants and HPV Infection History

Figure 9 shows the features for participants who have
been vaccinated or not vaccinated against with HPV infection
and those with medical history for HPV infection. Each
predicted label shows the classification for each predicted
cluster in the graph; it shows the cluster of features 7/70 —
61/70 point. Showing. The predicted hrHPV group in the
graph are 22, 36, 38, and 61 points.

Clustering r 1 HPV_Assessment_Test{HAT)

Fig 9: Clustering with KMCA HPYV Vaccinated/Non-vaccinated Participants
and HPYV Infection History
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4) Clustering with KMCA for Knowledge about HPV
Genotypes and  HPV Vaccinated/Non-vaccinated
Participants

Using KMCA, Figure 10 shows that the participants who
have no knowledge about genotypes and who have not been
HPV vaccinated are at high-risk of HPV infection. The
predicted clusters are used to classify and differentiate the
low-risk group from the high-risk group. The data points are
classified according to the predicted clusters. It also shows
prediction for true labels and real labels. The legend shows
predicted clusters are the high-risk HPV group.

Clustering results from HPV_Assessment_Test{HAT)

and 81 genotypes|

jenotypes (e.q. 6, 11, 16, 18, 70, 72

omletige about HPV g

Fig 10: Clustering with KMCA er Knowledge about HPV Genotypes and
HPV Vaccinated/Non-vaccinated Participants

5) Classification with NNA for SLP

Sexual Lifestyle and Practices (SLP) is used to check for
the Sexual Lifestyle and Practices (oral sex, anal sex, vaginal
sex, and protected/unprotected sex practices) of the
participants. The graph below shows the classification
between SLP for oral, anal, and vaginal sex and
protected/unprotected sex practices using NNA. The male
HPV dataset was well classified according to each label given
the features set data points. However, some labels overlapped
into single data point/features. High-risk participants have 21,
24, 29, and 50 points.

Neural Network results from HPV_Assessment_Test{HAT)

Fig 11: Classification wzth NNAforSLP o

6) Classification with NNA for Knowledge about HPV
Genotypes and  HPV Vaccinated/Non-vaccinated
Participants

Neural Network results from HPV_Assessment_Test(HAT)

Fig 12: Classification with NNA for Knowledge about HPV Genotypes and
HPYV Vaccinated/Non-vaccinated Participants

61

Figure 12 above classifies participants who have no
knowledge about HPV genotypes and who have not been
vaccinated against HPV infection using data points. These
data points are features sets and classified given the
scores/labels. It classified participants who scored 15/70,
25/70, and 19/70 as those with high-risk tendencies of
infecting women with HPV. However, it is obvious that NNA
doesn’t work perfectly for classifying these risk factors.

7) Classification with RFA for Knowledge about HPV
Genotypes and  HPV Vaccinated/Non-vaccinated
Participants

As shown in Figure 13, the RFA was able to make same
classification as NNA. It classified the data point features to
labels as in the scores/labels for participants who have no
knowledge about HPV genotype and those who have not been
vaccinated against HPV infection.

Random Forest results from HPV Assessment TestiHAT))

UL

and B1 genotypes)

9.6.11,16.18, 70, 72
sesses

Knowleage about HPY genotypes (&

i

60 62 66
out HPY and HPY Vi

Fig 13: Classification with RFA for Knowledge about HPV Genotypes and
HPV Vaccinated/Non-vaccinated Participants

8) Classification with RFA for AFSI and HPV
Vaccinated/Non-vaccinated Participants

Figure 14 shows that participants who falls under the
category of early Age at First Sexual Intercourse (AFSI) and
those who have not been vaccinated against HPV infection
belong to the HPV high-risk group. The classification for
each data features into the given scores/labels are identified
by different colors.

Random Forest results from HPV Assessment Test(HAT))

a0

ual Intercourse (AFSI)

First Sex

Knowledge about early Age at

P

5994 599 5998

Being vaccinated against HPY infection

Fig 14: Classification with RFA for AFSI and HPV Vaccinated/Non-
vaccinated Participants

9) Classification with RFA for SLP

Figure 15 shows result for participants with Sexual
Lifestyle and Practices (oral sex, anal sex, vaginal sex, and
protected/unprotected sex practices). The result shows data
points with features of participants with risk given different
scores/labels. Hence, the legend as shown in the figure below
is the same as the classification in the NNA as in Figure 11.

6.004 6.006
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Random Forest results from HPY Assessment Test{HAT))
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Figure 15: Classification with RFA for SLP

IV. CONCLUSION

The algorithms used in this paper shows good predictions
with Figures 7, 8, 9, 10, 11, and 15 while Figures 12, 13, and
14 did not show good predictions. The limitation experienced
in using Random Forest Algorithm (RFA) as shown in
Figures 12, 13, and 14 is due to the amount of dataset used
for analysis. However, Neural Network Algorithm (NNA)
out-performed the K-Means Clustering Algorithm (KMCA)
and the Random Forest Algorithm (RFA). Hence, it is
believed that other python algorithms could do better if
implemented and with the availability of a large-scale data to
analyze or learn the features contained in the dataset. The
purpose of this project was achieved, the algorithms
classified the scores/labels given the features in the male
HPV dataset that was learned during the training and
validation process. In future, to get better accuracy for a better
classification of the features, the Human Papillomavirus
(HPV) Assessment Test (HAT) will be distributed to a larger
population in order to collect large-scale data.
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