
Electronic Journal of Applied Statistical Analysis
EJASA, Electron. J. App. Stat. Anal.
http://siba-ese.unisalento.it/index.php/ejasa/index

e-ISSN: 2070-5948
DOI: 10.1285/i20705948v18n2p359

Machine Learning-Based Analysis of Cancer
Incidence in Jordan (2020–2021): A Decision
Tree Approach
By Alsheraideh et al.,

15 October 2025

This work is copyrighted by Università del Salento, and is licensed un-
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This study aimed to classify the cancer types across different regions in
Jordan using a machine learning-algorithm and based on the Decision Tree
Analysis (DTA) technique. The model employed patients’ demographic in-
formation—specifically gender, age, and region of residence—as independent
variables (IVs) to assess their interaction with cancer types as the depen-
dent variable (DV). The objective was to determine the predictive relation-
ship between these demographic factors and cancer types to support regional
cancer profiling and inform targeted public health planning. The research
utilized secondary data from the Ministry of Health, the Directorate of Non-
Communicable Diseases, and the Jordan Cancer Registry for the years 2020
to 2021. A total of 9,547 cancer cases were analyzed using the DTA model,
which effectively identified significant incidence patterns, with the central
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region of Jordan accounting for the highest number of cases (n = 6,815;
71.4%). The model classified cancer into 25 distinct types based on demo-
graphic attributes, with breast cancer being the most prevalent, particularly
among middle-aged females residing in the central region. The DTA model
demonstrated high efficacy in handling and stratifying large-scale medical
data, predicting cancer type interactions, categorizing and labeling datasets,
and suggesting potential category mergers. These findings have important
implications for the development of focused cancer prevention strategies and
the efficient allocation of healthcare resources. However, a key limitation
of the study is the incomplete characterization of cancer patient attributes
across all Jordanian regions.

keywords: Cancer incidence, Machine learning, Risk factors, Predictive
modeling, Jordan.

1 Introduction

Cancer is the leading cause of death in Jordan, impacting both men and women across all
age groups. As individuals grow older, the risk of developing cancer rises significantly,
making it a major public health concern of Health (2021). The increasing incidence
of cancer highlights the urgent need for enhanced awareness, early detection, and im-
proved treatment options. Addressing this issue requires a comprehensive approach that
includes preventive measures, advancements in medical research, and accessible health-
care services to reduce mortality rates and improve patient outcomes Armonk (2020).

The Hashemite Kingdom of Jordan is a country in the Southern Levant region of
West Asia, that is bordered by Syria to the north, Iraq to the east, Saudi Arabia to the
south, and the occupied Palestinian West Bank to the west Review (2019). In 2024, the
population of Jordan was estimated at 11,654,813. The average number of patients per
birth was approximately ±2.8%. According to the 2021 Annual Cancer Registry, the
highest incidence rate of cancer cases per 100,000 population was recorded in the central
governorates, at 119.6.; Amman (166.8), Balqa (50.8), Madaba (40.9), then Zarqa (32.1).
On the other hand, the incidence rate in the northern governorates was 16.7; Ajloun
(19.8), Jerash (18.6), Irbid (16.9), then Mafraq (13.2) Department of Statistics - Jordan
(2024). This result indicates how much the governorate distribution of cancer types
affects the extent of variation incidence rates. The most common types in the various
governorates of the Kingdom are affected by several factors as well. Although the specific
causes of many types of the cancer are still unknown, about two-thirds of cancer cases
diagnosed today are preventable. Therefore, the Jordanian Ministry of Health (MOH)
must take specific action to reduce the future burden of cancer. Some of the preventive
measures must include eliminating exposure to known risk factors that are related to
our environment and lifestyle. This requires a deep search into these factors and finding
their classification cancer types reasons and regression analyses and the geographical
distribution specifically among males and females in Jordan. Many published research
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papers and articles tried to find out the correlations between types of cancer patients
that are associated with multivariate including the residential distributions. The latest
studies in 2018 shared by the Jordanian Ministry of Health, the Directorate of Non-
Diseases, and the Jordan Cancer Registry reported 7094 new cancer cases with a 76.7%
Jordanian incidence rate compared to 9248 in total Sung et al. (2021). Global Cancer
Statistics in 2020 of cancer incidence and mortality produced by the International Agency
for Research on Cancer worldwide was estimated that 19.3 million new cancer cases (18.1
million excluding nonmelanoma skin cancer) and almost 10.0 million cancer deaths (9.9
million excluding nonmelanoma skin cancer) occurred in 2020. Breast-female cancer
has overcome lung cancer as the most diagnosed cancer, with an estimated 2.3 million
(11.7%) new cases, followed by (11.4%) lung, colorectal (10.0%), prostate (7.3%), and
stomach (5.6%) cancers. Lung cancer remained the major cause of cancer death, with an
estimated 1.8 million deaths (18%), followed by liver (8.3%), colorectal (9.4%), stomach
(7.7%), and female breast (6.9%) cancers. For both sexes, the overall incidence was
higher from 2 to 3-fold in transitioned versus transitioning countries, whereas mortality
varied less than 2-fold for men and little for women. However, the statistics mentioned
that the death rates for cervical cancers (12.4 vs 5.2 per 100,000) and female breast (15.0
vs 12.8 per 100,000), were almost higher in transitioning versus transitioned countries.
In 2040 the global cancer burden is expected to be 28.4 million cases, a 47% rise from
2020, with a larger increase in transitioning (64% to 95%) versus transitioned (32% to
56%) countries due to different factors like demographic change. However, this might
be further exacerbated by increasing risk factors associated with the growing economy
and globalizationBray et al. (2018). however, incidence patterns of cancer and burden in
Jordan have never been explored thoroughly, so the study aimed to close this knowledge
gap of existing data on cancer incidence, outcomes, and independent variables (IV)World
Health Organization (2020). The recent of this article is organized as follows: next
section circulate the literature, while section 3, discusses the research methodology, in
section 4, the data analysis is introduced, the article ends in section 5 which introduces
some conclusions and future research ideas.

2 Literature Review

The review study of cancer care in resource-limited countries as an example in Jor-
dan 2024 mentioned that cancer is ranking second in the list of causes of death cancer
worldwide, and become a growing health care problem, after cardiovascular diseases.
Jordan’s national cancer registry still suffers from the problems mostly due to long lag
time in reporting, as well as the absence of outcome data, and accurate staging. The
number of new patients with cancer diagnosed is increasing at an unexpected rate, fu-
eled by population growth, changing the structure of the population, refugees with the
older population, high rate of obesity, smoking, improving life expectancy, and lack of
adequate exercise. Also, the study indicated that the age-standardized rate for cancer
incidence is significantly lower than the Western societies, while the mortality rate is
higher Ministry of Health (2021). Despite the higher efforts done by MOH in Jordan,
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all diagnosed cancers are still at more advanced stages and at younger ages. However,
the breast cancer program opportunistic screening represents a great example that led
to significant downstaging of breast cancer, alongside the feasibility of screening pro-
grams that were evaluated for colorectal and lung cancers are underway Ministry of
Health (2019). This study of the largest execution of clinical cancer genetics programs
not only in Jordan but also in the region, helps to identify patients who are at-risk
relatives for hereditary cancers. In addition to a cancer control program that addresses
all issues of cancer care starting from screening to early detection, through active cost-
effective treatment to assure wider access to palliative care, hospice, and survivorship
Abdel-Razeq et al. (2024). Moreover, Ferlay et al. (2010) showed a major public health
problem, which is the second cause of death in less developed countries compared with
other developed worlds. An estimated 63% of the deaths of 7.6 million cancer deaths
occurred in 2008 with occurring in less developed regions, the researcher evaluated many
factors like lifestyle, infectious agents, environmental exposures, methods of registry, and
differences in the site and the constitution might be considered as a limitation of risk
factors which have been attributed to certain types of cancer Ferlay et al. (2010). Other
modeling and predicting the spatial dispersion of skin cancer conducted by Masoumi
et al. (2018), consider and clarify factors that resulted from their research like; the en-
vironmental and sociology-economic, temperature, pressure, interactive effect of bright
sunshine hours and solar energy, contact with lead, fruit and vegetable consumption,
phosphate fertilizer usage and tobacco consumption might be related or/and affected
direct or indirect by geographical factors which can be associated with specific types of
cancers .For instance, the incidence study in 2020 of thyroid cancer showed that was
on the rise and affected directly or indirectly by geographical factors and these results
provided us with additional information relevant to evaluating the tracks of risk, safety,
related application of geographical and their associations’ factors Kim et al. (2020).
On the other hand, Central and Eastern Europe have the second-highest incidence

rate of gastric cancer in the world. On the contrary, the incidence is significantly lower
compared with Northern and Western Europe, like that for example in the USA, the
reasons for such differences include genetic susceptibility, strains of H.pylori, hygiene,
food preparation, and food preservation Xie et al. (2021).
Also, several epigenetic aging, approved that the incidence of cancer is directly re-

lated to age, and advanced chronologic age is considered one of the most significant risk
factors, besides organismal aging that is associated with changes affected by both ge-
netic and environmental factors at the tissue, cellular, and molecular levels. The specific
mechanisms through which these age-associated molecular changes contribute to the in-
creased risk of aging-related diseases, such as cancer, also changes over a lifetime may be
part of an “epigenetic aging” process Yu et al. (2020). Also,Bhatia et al. (2022), proves
evidence of rural-urban disparities, Rural residence was associated with a higher rate
of stage IV colorectal cancer at presentation, one of the causes is health behaviors, the
description of the rural-urban differences in the use of tobacco products, diet, physical
activity, and obesity Bhatia et al. (2022). In 2023, a research study reported that the
central governorates in the occupied West Bank (WB) had the lowest mortality rate for
most types of cancer among men and women, whereas lung and prostate cancers were
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higher in northern (WB) while showed the lowest percentage in the Jerusalem Gover-
norate. The study also mentioned the reasons behind the higher rates of cancer among
males and females among the occupied Palestinian Citizens (OPC), which might be due
to factors like unhealthy lifestyles, consumption of processed foods, limiting a healthy
Mediterranean diet region, excessive smoking, and lack of physical activity, in addition
to the environmental health impacts resulting from air pollution caused by Israeli waste
dumped in the occupied WB, which might become from several wrong industrial activi-
ties Salem (2023). Moreover McMahon et al. (2023), showed that statistically there were
no significant differences regarding race, facility location, or urban/rural residence status
and proportions of tumor staging at diagnosis. However, it still needs further studies to
recognize the significant effects, in terms of socioeconomic and geographic factors that
have an impact on the staging of bone cancer at diagnosis McMahon et al. (2023). Study
research on Melanoma and Nonmelanoma skin incidence done in Jordan by 2023, during
the 16-year study period, found no significant difference between the various regions in
Jordan (North, Middle, and South) in the prevalence of each cancer sub-type Almaani
et al. (2023).
This study aimed to classify the cancer type within Jordan regions, according to the

identification of patient’s general independent variables (IV) information like gender, age,
and residency region as they have the strongest interaction with the cancer dependent
variable (DV) types, and their outcomes at the level of human health and impact on the
governmental treatment and medication of financial resources.

3 Research Methodology

The Decision Tree Analysis (DTA) method closely resembles regression trees; however,
instead of predicting a continuous numerical value, it is primarily used for categorizing
data into discrete classes. DTA is widely utilized in machine learning and data analysis
for classification tasks, helping to structure decision-making processes in an interpretable
way James et al. (2013). This section will discuss the idea of the DTA.

3.1 Decision Tree Analysis

At the core of a decision tree, the root node represents the most significant predictor or
classifier variable. This variable is chosen based on its ability to maximize information
gain, effectively splitting the data set into distinct groups with the highest level of
separation. The subsequent internal nodes further partition the population based on
additional variables, arranged hierarchically in descending order of importance according
to their contribution to information gain. This structured approach ensures that each
decision step refines the classification process, leading to more accurate predictions. As
an example of a decision tree to predict the cancer type based on patient demographics
such as age, gender and cancer type could be obtained as given in Figure 1.
DTA is particularly valuable in applications such as medical diagnosis, risk assessment,

and customer segmentation, where clear and logical decision-making is crucial. By iden-
tifying the most influential factors in a datasets, decision trees offer a transparent and
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Figure 1: Decision tree example

efficient method for making informed predictions Almaani et al. (2023). Also, the DTA
method is considered one of the most interesting statistical methods that can be applied
in the field of statistical learning to both classification problems and regression analy-
ses, according to Teli and Kanikar James et al. (2013). Several DTA machine learning
models could be employed for data classifications, the choice of any of these models
mainly depends on the data types. In this study, the Chi-Square Automatic Interac-
tion Detection (CHAID) will be implemented, because it focuses, generally on assessing
the impact of several (IV) like residency of population distribution, age, gender, and
(DV) cancer and their major outcomes Tayefi et al. (2017). The CHAID algorithm is
a supervised learning method, specifically for the detection of association between the
categorical DV and multiple IVs which can be categorical and/or metric; then used the
Chi-square test to select the split with the most significant association Teli and Kanikar
(2015). The CHAID method requires large amounts of databases that focus on to satisfy
the chi-square test assumptions within the split process, because they are at every tree
level split into several groups which may become too small for reliable analysis.24 The
CHAID is a useful method used to predict the cancer type within the Jordan region
model, which also, enables the identification of general independent variables (IV) in-
formation such as gender, age, and residency region, that have the strongest interaction
with the dependent variable (DV) like cancer types. So, the method setting was used to
achieve the study purpose and to answer research questions such as What are the most
common types of cancer affecting people in different regions of Jordan, based on general
patient factors such as age and gender?
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3.2 The SAMPLE

Samples collected depend on the structure of the health system in Jordan, which consists
of private, teaching, military, and public sectors that include a total of 118 hospitals . The
study was conducted based on the Ministry of Health records on cancer patients. Which
provided healthcare services to 27,000 cancer patients in 2022 and received monthly
about 800 new cancer patients of Jordanian and non-Jordanian nationality Kass (1980).
In general, the data was collected from all governmental, private, Royal Medical Services,
and King Hussein Center.

3.3 DATA COLLECTION

Jordan cancer reports were obtained by collecting sealed boxes sent annually from hos-
pitals that deal with treating cancer cases into the Non-communicable Diseases for reg-
istration in the Cancer Registry. All printed cancer reports were automated and then
computerized case by case separately by experienced physicians with a little statistical
background in the program. All acquired data were systematically recorded in a digital
Excel spreadsheet for further advanced statistical analysis. A dual approach was adopted
to collect comprehensive data, including primary patient demographics data such as age,
sex, national ID number, and other important variables such as smoking, status, gover-
norate, and residency. In general, the data was collected from all governmental, private,
Royal Medical Services, and King Hussein Center. In this study, a total of 9547 cancer
patients were specifically collected and coded, by the highest quality professional doc-
tors, and the highly method using the techniques applied for treatment. In addition
to that, some patients come from the Middle East and North Africa region, and other
patients from all over the world. Consent Forms and Ethical Approval Documents were
obtained from the Research Ethics Committee from the Ministry of Health, Department
of Non-Communicable Diseases, which were collected from the National Cancer Reg-
istry, noting that all subjects that must be approved and coded with new serial numbers
to use it for each one patient, then placed in an electronic file with a secret number
using the researchers’ computer only, to ensure that the collected data were complete
and accurate.

3.4 DATA ANALYSIS

In this study, three independent variables (IV) are included, namely, gender, age, and
residency region, and one dependent variable (DV) is the cancer patients’ type. The
Statistical Package for Social Sciences IBM SPSS version 25 is used for all types of
analyses, including the decision tree analysis (DTA) (Nisbet et al. (2009); Rokach and
Maimon (2008); King Hussein Cancer Foundation & Center (2022)). This machine
learning model is more precise as it’s a non-parametric supervised learning algorithm.
The main mechanism of DTA is classifying cases into several homogeneous groups in
some categories such as male or female. The final presentation will be a hierarchical tree
structure that consists of tree nodes, branches, internal nodes, and leaf nodes. Also, it
can be used to predict the values of a response variable based on the values of predictor



366 Alsheraideh et al.,

variables. Moreover, the DTA can be used for different purposes such as segmentation,
stratification, prediction, data reduction, interaction identification category merging,
and labels.28-30

Table 1 shows the characteristics of cancer patients IV and DV. The sample consists
of 55.1% (n = 5260) females and 44.9% (n = 4286) males. In terms of age, 26.5% (n =
2530) are 40 years or younger, 41.2% (n = 3931) are between 41 and 60 years, and 32.3%
(n = 3085) are older than 60 years. Regarding residency, the majority (71.4%, n = 6815)
reside in the Middle region, followed by 14.0% (n = 1339) who are non-residents, 9.3%
(n = 885) in the North, and 5.3% (n = 507) in the South. It could be noted that there
are 25 different cancer types combined with the DV, in which Breast cancer 24.5% (n
= 2336) is the most cancer distributed among all other types, followed by Bone cancer
7.8% (n = 747), then Brain cancer 7.3% (n = 693).

Using the CHAID method and applying the Bonferroni correction for type I error, the
results in 9 different significant parent nodes for three levels of analysis of the results of
cancer type classification in Jordan, based on CHAID methodology are given in Table
2.

Overall, the analysis highlights the substantial influence of residency region, gender,
and age on the distribution of cancer types, with Breast Cancer being the most preva-
lent across different demographics. The most common predicted cancer type across the
sample is Breast Cancer, accounting for a majority of the population in several nodes.
Residency region is the primary independent variable at the parent node, splitting the
sample into: Middle region: 71.4% (Node 1), Non-residents: 14.0% (Node 2), North and
South regions: 14.6% (Node 3). Also, Gender is a significant IV within most subgroups.
Females predominantly exhibit Breast Cancer, e.g., 40.0% in Node 4 and 7.5% in Node
8. Males are associated with other types, including Lung Cancer (31.4% in Node 5 and
7.1% in Node 9) and Brain Cancer (6.4% in Node 7). However, Age is a critical vari-
able within various nodes: Individuals aged 40 years or less are linked to Breast Cancer
(e.g., Node 10: 9.8%) and Bone Cancer (e.g., Node 13: 6.8%). Those aged 41–60 years
frequently exhibit Breast Cancer (e.g., Node 11: 18.4%) or Lung Cancer (e.g., Node
14: 11.1%). Individuals over 60 years are associated with a mix of cancer types, such
as Breast Cancer (e.g., Node 12: 11.8%), Lung Cancer, and Prostate Cancer. Notable
Subtypes and Frequencies: Rare cancer types include Bone Cancer (e.g., Node 19: 2.7%)
and Prostate Cancer (e.g., Node 15: 13.5%). Smaller subgroups are observed, especially
in lower frequency nodes driven by age and gender interactions.

4 Results

This study consists of 9,546 cancer patients 55.1% (n = 5,260) Females, most of them
within the age of 41 years and 60 years 26.5% (n = 3,931). The sample was divided with
respect to the patient’s region of residency (north, middle, South, and non-residency).
Most of the cancer patients are residents in the middle region of Jordan 71.4% (n =
6,815). Moreover, the full decision tree diagram suggests the data could be classified
into three levels based on the IVs: - Level One: the most significant IV is the patient’s



Electronic Journal of Applied Statistical Analysis 367

Table 1: Structure of variables used in CHAID analysis.

Variable Category
Structure Type of variable

Freq Per MS IV/DV

Gender
Female 5260 55.1

NS IV
Male 4286 44.9

Age

40 yr or less 2530 26.5

OS IV41 yr - 60 yr 3931 41.2

More than 60 yr 3085 32.3

Residency Region

Non-Resident 1339 14.0

NS IV
North 885 9.3

Middle 6815 71.4

South 507 5.3

Cancer Type

Abdomen 33 .3

NS DV

Bladder 399 4.2

Bone 747 7.8

Brain 693 7.3

Breast 2336 24.5

Cervix 518 5.4

Colon 526 5.5

Esophagus 31 .3

Eye 80 .8

GIT 509 5.3

Gland 441 4.6

Kidney 279 2.9

Liver 78 .8

Lung 628 6.6

Lymph 504 5.3

Mouth 123 1.3

Nose 126 1.3

Pancreas 174 1.8

Prostate 349 3.7

Reproductive 257 2.7

Respiratory 113 1.2

Skin 169 1.8

Soft tissue 136 1.4

Stomach 217 2.3

Others 80 .8

Abdomen 33 .3

MS: Measurement Scale; NS: Nominal Scale; OS: Ordinal Scale; IV: Independent Variable;

DV: Dependent Variable; Freq: Frequency; Per: Percent
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Table 2: Cancer Type Classification in Jordan: Decision Tree Table Results

Total Sample Predicted

Category
Parent

Node

Primary Independent Variable

Node N Per
Variable Siga Chi-Square df

Split Values

0 9546 100.0 Breast

1 6815 71.4 Breast

0

Residency

Region

.000 247.527 48

Middel

2 1339 14.0 Breast Non-Resident

3 1392 14.6 Breast North; South

4 3817 40.0 Breast
1 Gender .000 2776.963 24

Female

5 2998 31.4 Lung Male

6 728 7.6 Breast
2 Gender .000 458.557 24

Female

7 611 6.4 Brain Male

8 715 7.5 Breast
3 Gender .000 564.237 24

Female

9 677 7.1 Lung Male

10 931 9.8 Breast

4 Age .000 654.780 46

40 years or less

11 1757 18.4 Breast 41 yr - 60 yr

12 1129 11.8 Breast More than 60 yr

13 646 6.8 Bone

5 Age .000 934.445 46

40 years or less

14 1062 11.1 Lung 41 yr - 60 yr

15 1290 13.5 Prostate More than 60 yr

16 285 3.0 Breast

6 Age .000 188.350 46

40 years or less

17 284 3.0 Breast 41 yr - 60 yr

18 159 1.7 Breast More than 60 yr

19 257 2.7 Bone

7 Age .000 270.833 46

40 years or less

20 195 2.0 Brain 41 yr - 60 yr

21 159 1.7 Prostate More than 60 yr

22 222 2.3 Breast
8 Age .000 89.913 23

40 years or less

23 493 5.2 Breast
41 yr - 60 yr;

More than 60 yr

24 189 2.0 Bone

9 Age .000 213.356 46

40 years or less

25 291 3.0 Lung 41 yr - 60 yr

26 197 2.1 Lung More than 60 yr

Growing Method: CHAID. Dependent Variable: Cancer Type. Per: Percent. Sig: Significant.

df: Degrees of Freedom

a. Bonferroni adjusted
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gender, which means that it is most strongly associated with DV and has the most power
in the division of observations into groups. In other words, the first tree level is the IV
(Gender), for the observed data this variable has the biggest potential to differentiate
and classify patients into 25 groups according to the Cancer types. Figure 2 shows the
distribution of the cancer types within the male and female in Jordan.

Figure 2: Cancer Type Classification is based on the Residency Region and Patient Gender

Moreover, the statistical significance of gender was found at a significance level of
α = 0.05 (χ2(24) =3761.442, P value=0.000). Figure 3 shows the Cancer Type and
classification using the patient’s gender. As the first discriminator, it splits the root
node, i.e. the sample of 9546 patients, into two groups having different categories of
gender presented as node 1 (55.1% female patient (n = 5260)) and node 2 (44.9% male
patient (n = 4286)).
The results as given in Figure 3 show the rank of the cancer type based on the patient

gender frequency value:

Female : Breast → Cervix → Bone → Brain → Gland . . .
Male : Lung → Bone → Bladder → Prostate → Brain . . .

When connecting gender with the residency region, the results as given in Table 2
give a new classification with parent nodes 1/2/3 for the three regions with interactions
with the patient gender indicating that female patients predict breast cancer as the most
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Figure 3: Cancer Type classification using patient’s gender

concerned type of cancer with percentages 40%, 7.6% and 7.5% for Middle, Non-Resident
and North-South regions, respectively. However, the male patients predict Lung cancer
for the Middle and North-South groups, while Brain cancer for the non-resident group.
Figure 3 illustrates the predictions of the first level of DTA considering the intersection
between the residency region and the patient’s gender.

Level two: Within the second level of the tree, the interaction between gender and
patient age is statistically significant with the two levels of gender; Female and Male,
which splits the Female into three nodes of the age categories 3/4/5 (χ2(46) =912.658, P
value=.000) and the same for the Male level with three Nodes 6/7/8 (χ2(46) =1364.519,
P value=.000). Table 3 gives the interaction between the patient’s gender and the
patient’s age for classifying the cancer type. Results show that breast cancer is the most
frequent type of cancer among females regardless of age category. On the other hand,
in males, the most frequent type of cancer was bone cancer among males less than 40
years old, lung cancer among those who are 41-60 years old, and prostate cancer among
patients who are older than 60 years old. Level three: This level is represented by the
leaf nods in the last decision tree graph as given in Table.4. The results of the analysis
connect the first two IV’s (Gender and Age) with the Patient residency. The DTA in this
level as given in Table 4, showed the following classification results. The data analysis
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accuracy is measured by a percentage of the inaccuracy of the so-called prediction risk
value. The estimated risk for this data is 0.684 (SE=0.005).
Also, based on the classification as given in Table 5, the overall accuracy of the DTA

model is 31.6%, which means 4753 cases are classified correctly among the total sample
in this study. Breast cancer was the most frequent cancer among females regardless of
age or residency level. On the other hand, Bone cancer was the most frequent cancer
among males who are less than 40 years and regardless of residency level; whereas lung
cancer was the most frequent cancer among males who are 41-60 years old and regardless
of residency level, while brain cancer was the most frequent cancer in males of the same
age category. In addition, prostate cancer was the most frequent cancer among males
who were older than 60 years old.
In general, The highest class-wise (Table 6) recall was achieved for Breast cancer

(98.5%), reflecting excellent model sensitivity and strong class separability. Prostate
cancer followed with a reasonable recall of 78.8%. Conversely, Brain cancer exhibited
extremely poor recall (2.7%), with most brain cancer cases misclassified as other types
(notably Breast). Bone and Lung cancers also showed limited classification success.
Analysis of off-diagonal values reveals distinct misclassification trends:

• Many Bone and Brain cancer cases were misclassified as Breast cancer (324 and
321 cases, respectively), suggesting potential feature overlap or class imbalance in
the training data.

• A notable confusion exists between Lung and Prostate cancers:

– 272 Prostate cases were predicted as Lung.

– 59 Lung cases were predicted as Prostate.

The highest precision (Table 7) was observed in Breast cancer (83.2%), indicating
reliable classification for this class. Conversely, Brain cancer showed the lowest precision
(28.8%), reflecting both low true positives and a high rate of false positives. The per-
formance metrics were computed using standard definitions in multi-class classification
(Table 8 and Table 9):

• True Positives (TP): Correct predictions of the class (diagonal entries).

• False Negatives (FN): Actual instances misclassified into other classes (row sum –
TP).

• False Positives (FP): Other class instances incorrectly predicted as the class (col-
umn sum – TP).

• True Negatives (TN): All other correctly rejected predictions. From these, the
following were derived:

• Precision = TP / (TP + FP)

• Recall (Sensitivity) = TP / (TP + FN)

• F1 Score = 2 × (Precision × Recall) / (Precision + Recall)
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Table 3: Cancer Type Classification within the interaction between Patient’s gender and
Patient’s Age

Gender Female Male

Age
Less than

40 years

From 40

- 60 Years

More Than

60 years

Less than

40 years

From 40

- 60 Years

More Than

60 years

Category % n % n % n % n % n % n

Abdomen 0.3 5 0.3 6 0.2 3 1 11 0.5 7 0.3 7

Bladder 0.3 4 0.3 5 2.4 34 1.9 21 9 139 11.4 187

Bone 11.9 171 3.7 87 3.7 52 21.9 239 7.8 121 4 66

Brain 12.1 174 4.7 112 2.4 35 18.9 206 7.5 116 2.7 45

Breast 31.2 449 54.5 1295 56.6 814 0.5 5 1 15 0.9 15

Cervix 5.9 85 10.2 243 13.2 190 0.5 5 1.8 27 1 17

Colon 1.9 28 3 71 7.5 108 2.6 28 7.7 119 7.1 117

Esophagus 0.1 1 0.5 11 0.8 12 0.3 3 0.7 10 0.4 6

Eye 1.4 20 0.5 11 0.2 3 2.7 29 1.1 17 0.5 8

GIT 3.3 48 4.3 103 5 72 4.9 54 3.6 56 5.6 91

Gland 11.9 171 3.5 83 0.8 12 6 66 3.7 58 1.9 31

Kidney 2.2 31 1.6 38 2.6 37 3.4 37 3 47 3.9 64

Liver 0.4 6 2 47 0.7 10 1.1 12 1 16 1.6 27

Lung 0.8 11 2.3 55 4.2 60 1.9 21 13 200 1.5 25

Lymph 8.9 128 2 47 2.9 42 14.1 154 5.9 91 3.3 55

Mouth 0.3 5 0.7 17 0.2 3 0.2 2 2.8 44 0.6 11

Nose 0.8 12 1.5 35 0.3 4 0.5 5 2.4 37 0.3 5

Pancreas 0.5 7 0.5 12 0.6 9 0.3 3 0.4 7 0.4 6

Prostate 0 0 0.2 4 0.1 2 0 0 0.2 3 16.7 275

Reproductive 0.9 13 0.5 12 0.3 4 0.5 5 0.6 9 0.4 7

Respiratory 0.1 2 0.3 7 0.3 4 0.2 2 0.3 5 2.9 48

Skin 1.3 19 0.7 16 0.3 5 4.7 51 2.3 36 3.2 53

Soft tissue 1.7 25 0.5 11 0.4 6 1.7 19 1.9 29 2.5 41

Stomach 1 15 0.5 11 0.2 3 1 11 1.2 18 1.2 20

Others 0.6 8 0.8 20 0.6 9 0.6 7 1.5 23 1.2 20

Total 15.1 1438 25 2383 15.1 1439 11.4 1092 16.2 1548 17.2 1646
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Table 4: Chi-Square Test Results by Gender, Age, and Residency

Gender Age Group Chi-Square p-value
Residency

Level
Parent
Node

Predicted
Cancer Type

Female

Less than
40 years

χ2(23) = 78.138 0.013 Middle-North 9 Breast

Non-Resident 10 Breast

South 11 Breast

41–60 years χ2(23) = 44.091 0.036 Middle 12 Breast

Non-Res., North, South 13 Breast

More than
60 years

All Residency regions equally likely 5 Breast

Male

Less than
40 years

χ2(46) = 88.514 0.000 Middle 14 Bone

Non-Resident 15 Bone

North-South 16 Bone

41–60 years χ2(46) = 93.871 0.000 Middle, South 17 Lung

Non-Resident 18 Brain

North 19 Lung

More than
60 years

All Residency regions equally likely 8 Prostate

Table 5: Classification Matrix

Bone Brain Breast Lung Prostate Percent Correct

Bone 239 13 324 105 66 32%

Brain 206 19 321 102 45 2.7%

Breast 5 1 2302 14 14 98.5%

Lung 28 18 126 184 272 29.3%

Prostate 0 15 0 59 275 78.8%

Overall Percentage 11.4% 2% 55.1% 14.2% 17.2% 31.6%
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Table 6: Class-wise Accuracy (Recall)

Cancer Type Correct Predictions Total Actual Cases Recall (%)

Bone 239 747 32.0%

Brain 19 693 2.7%

Breast 2302 2336 98.5%

Lung 184 628 29.3%

Prostate 275 349 78.8%

Table 7: Estimated Precision by Predicted Class

Predicted Class Correct Predictions Total Predicted Cases Precision (%)

Bone 239 478 50.0%

Brain 19 66 28.8%

Breast 2302 2766 83.2%

Lung 184 464 39.7%

Prostate 275 400 68.8%

Table 8: Confusion Matrix Counts for Each Cancer Type

Cancer Type TP FN FP TN

Bone 239 508 239 4275

Brain 19 674 47 4521

Breast 2302 34 492 433

Lung 184 444 280 2353

Prostate 275 74 397 2515

Table 9: Classification Performance Metrics for Each Cancer Type

Cancer Type Precision (%) Recall (%) F1 Score (%)

Bone 50.0 32.0 39.0

Brain 28.8 2.7 5.0

Breast 83.2 98.5 90.2

Lung 39.7 29.3 33.7

Prostate 69.3 78.8 73.7
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5 Concluding Remarks

In this study, the classification performance of a decision tree analysis (DTA) model was
assessed for five cancer types: Bone, Brain, Breast, Lung, and Prostate. The model
achieved an overall accuracy of 31.6%, though its effectiveness varied significantly across
the different classes. The confusion matrix indicated that Breast cancer was the most
accurately predicted type, with a recall of 98.5% and a precision of 83.2%, resulting in a
strong F1 score of 90.2%. Prostate cancer followed with an F1 score of 73.7%, supported
by high recall (78.8%) and precision (69.3%). In contrast, the model performed poorly
in detecting Brain cancer, which had a recall of only 2.7% and an F1 score of 5.0%,
indicating significant misclassification. Bone and Lung cancers also showed limited pre-
dictive success, with moderate precision (50.0% and 39.7%, respectively) but low recall,
leading to F1 scores of 39.0% and 33.7%. These patterns are visualized in the confusion
matrix heatmap (Figure 4), which illustrates frequent misclassification—particularly the
over-prediction of Breast cancer and the confusion between Lung and Prostate cases.

Figure 4: confusion matrix heatmap

The Breast cancer class had the highest classification performance, while Brain cancer
was the most misclassified. Bone and Lung cancers showed a conservative model behav-
ior with moderate precision but low recall, indicating hesitation in predicting those
classes. The study collected data from multiple hospitals across Jordan, including the
King Hussein Cancer Center, using a convenience sampling method. Jordan is recog-
nized as a leading country in cancer treatment among developing nations, ranking first
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in the region and sixth globally. The dataset was compiled in collaboration with the
Ministry of Health and the Directorate of Non-communicable Diseases, based on offi-
cial Cancer Registry records. However, lifestyle data was not included, which limits the
model’s ability to associate cancer incidence with behavioral or environmental risk fac-
tors. The DTA model effectively predicted cancer types based on demographic features
such as age, gender, and residency region. The results indicated that the central region
of Jordan accounted for the highest cancer incidence, especially breast cancer among
middle-aged women. Notably, 71.4% of patients (n = 6,815) resided in the central re-
gion. These findings hold significant implications for targeted public health strategies,
suggesting the need for enhanced early detection, education, and prevention programs
in that region.
In conclusion, the integration of machine learning methods like decision tree analysis can
provide valuable insights for healthcare policymakers. However, future research should
aim to incorporate lifestyle, environmental, and clinical variables to build more compre-
hensive and predictive cancer models. Additionally, further studies are recommended
to explore healthcare-seeking behavior Corallo et al. (2020), premedication, and preven-
tive strategies associated with demographic risk factors. Expanding focus on pre-public
healthcare planning and lifestyle-related interventions is essential to reduce cancer inci-
dence and improve early diagnosis and management across Jordan.
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