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ABSTRACT (ENGLISH)

Full Name : [Maha Abd El Hakeem Abd El Hameed Said]

Thesis Title : [RISK FACTOR PREDICTION AND SURVIVAL ANALYSIS FOR
CHRONIC DISEASE RECURRENCE USING MACHINE
LEARNING MODELS]

Major Field : Applied Statistics]
Date of Degree : [May, 2025]

Chronic diseases pose a significant public health burden in the Kingdom of Saudi Arabia
(KSA), with colorectal cancer (CRC) being the most commonly diagnosed cancer among
men and the third among women. This thesis introduces a data-driven approach to CRC
outcome prediction by modeling three clinically relevant endpoints: cancer status,
recurrence and vital status. Using hospital-based clinical data, this study explores traditional
statistical models, namely Cox proportional hazards regression and Logistic Regression,
and advanced machine learning techniques, such as support vector machines, random
forests, Extreme Gradient Boosting and Artificial Neural Networks, to develop accurate and

interpretable predictive models.

Descriptive statistics are used to profile patient characteristics, while model performance is
evaluated using cross-validation and metrics including AUC, sensitivity, specificity, and
predictive values. Feature selection was performed in both traditional and machine learning
models—using stepwise selection in traditional methods and backward elimination within
nested cross-validation for machine learning models—to enhance model efficiency and
interpretability. Among the machine learning models, XGBoost and ANN showed the most
balanced and robust performance in predicting cancer status and survival, while Random
Forest and XGBoost demonstrated strong utility for recurrence prediction. Logistic and Cox
models confirmed the importance of tumor site, stage, lymph node involvement, and

treatment interventions (surgery, chemotherapy, immunotherapy) across all outcomes.

A separate chapter examines the impact of transitions in national cancer control policies on
CRC prevalence, incidence, and mortality in KSA over the past three decades. This

component uses Global Burden of Disease 2021 data (1990-2021), applying negative
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binomial regression and Hotelling’s T?-based control charts to detect shifts in cancer trends
associated with policy changes. Significant trend deviations were detected in 1995 and
2021, corresponding with the launch of the Saudi Cancer Registry and the expansion of
CRC screening programs. While screening led to increased detection, mortality trends
showed limited improvement, highlighting gaps in treatment effectiveness and the need for

strengthened follow-up care.

The study’s primary contribution lies in its multi-outcome modeling framework, offering
insights that extend beyond single-endpoint prediction. By bridging clinical analytics with
public health evaluation, this research aims to enhance risk stratification, support
personalized care, and inform national cancer control efforts, ultimately contributing to

improved CRC management in KSA.
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1. Introduction

1.1 Background

Chronic illnesses, often referred to as noncommunicable diseases (NCDs), are long-term
conditions that develop gradually and are shaped by a mix of genetic, environmental,
physiological, and behavioral influences. The main categories of NCDs include cancer,
diabetes, cardiovascular issues (e.g., strokes and heart attacks), and respiratory disorders such
as asthma and chronic obstructive pulmonary disease (COPD) [1] In KSA, around 35% of
all deaths—many occurring before individuals reach 75 years—are linked to these four
disease categories. The increasing prevalence of early death, disability, and illness due to
NCDs creates substantial obstacles for both healthcare systems and broader economic

sustainability [2]

In this context, studies examining chronic disease prevalence among older adults in KSA
highlight an alarming pattern: this population bears a significantly higher burden of multiple
comorbidities. Major contributing factors include body mass index (BMI), lifestyle habits,
and a history of smoking. These results underscore the urgent necessity for holistic health
interventions. centered on prevention and disease management—especially for high-risk
groups like older adults, who experience the most elevated death rates linked to chronic

illnesses [3].

A nationwide study analyzing responses from 24,012 households obtained through the 2018
Household Health Survey explored the rates of chronic illnesses and general mortality in
Saudi Arabia. The results revealed a substantial presence of chronic diseases—such as
diabetes, high blood pressure, heart conditions, and cancer—and emphasized the critical
necessity for public health interventions focused on controlling these conditions, particularly

among high-risk and underserved groups [4].

According to a recent data from IARC in 2022, in KSA, CRC ranks as the most commonly
diagnosed cancer among men and is the third most prevalent type among women [5].
Considering that CRC is a major contributor to cancer-related illness and death in KSA,

prioritizing early detection and preventive measures is of paramount importance.



CRC represents 13.3% of all newly identified cancer diagnoses in KSA, totaling
approximately 3,750 cases, and it is responsible for 14.1% of cancer-related deaths
nationwide [5]. These statistics show that CRC significantly contributes to the national
cancer mortality burden. Despite the presence of a well-developed healthcare system,
Approximately 73% of CRC cases in Saudi Arabia are diagnosed at an advanced stage [6],

significantly limiting the success of treatment and contributing to higher death rates.

In KSA, the standardized incidence rate of CRC by age has shown a steady upward trend,
doubling from 5.0 to 10.5 per 100,000 population between 2001 and 2009 [6]. While CRC
predominantly affects individuals over 50 years old, recent studies have identified a troubling
increase in incidence among younger populations under the age of 50 years old, suggesting
a possible future strain on the healthcare system. These trends highlight the critical
importance of implementing effective early detection measures and focused screening

initiatives [6].

The upward trend in CRC incidence within KSA is attributed to a combination of lifestyle,
environmental, and hereditary factors. Dietary patterns marked by frequent consumption of
red meat, sedentary behaviors, and tobacco use have all been linked to this upward trend [6].
Both obesity and diabetes mellitus, which are widely prevalent in the Saudi population, serve
as major contributing risk factors. As of 2019, the prevalence of obesity and overweight
among adults aged 18 years old and above was recorded at 20.2% and 38.2%, respectively
[7] . In addition, rising trends in Type 2 Diabetes Mellitus (T2DM) incidence has increased
sharply over time, rising from 23.7% in 2000 to 25.4% in 2009 [8], and reaching a staggering
39.5% in 2022, according to epidemiological modeling [9]. These patterns reinforce the
critical necessity for focused public health initiatives. Additionally, inherited susceptibility
such as Lynch syndrome has been identified in a portion of CRC cases, emphasizing the

value of individualized risk stratification [10].

A comprehensive review of CRC trends in Saudi Arabia between 2001 and 2018, utilizing
data from the Saudi Cancer Registry, showed a dramatic 335.6% growth in CRC cases and
a 56.4% increase in its share of total cancer diagnoses, rising to 12.2% by 2018. The age-
standardized incidence rate (ASR) increased by 152%, with the median age at diagnosis

being 60 for males and 58 for females. The highest ASRs were found in the Eastern Region
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and Riyadh, highlighting the urgent need to strengthen screening programs, implement
effective prevention strategies, and raise public health awareness to combat the growing CRC

burden in the Kingdom [11].

Another study explored the demographic and clinical predictors of advanced -stage CRC
through a retrospective cohort analysis of 17,541 patients recorded in the Saudi Cancer
Registry between 1997 and 2017. Late-stage disease was defined as distant metastases, while
early-stage included localized and regional tumors. The analysis found that 29% of patients
were diagnosed at an advanced stage, with higher risk observed among individuals under 50
and unmarried women. Variations in risk were also noted across geographic regions and
between sexes, and individuals diagnosed after 2001 were more likely to present with
advanced-stage disease. These findings underscore the necessity of adopting targeted

screening approaches to facilitate earlier diagnosis and enhance clinical outcomes [12] .

An analysis of the epidemiological profile of CRC in Saudi Arabia identified it as the second
most prevalent cause of cancer-related mortality in the country. The findings indicated a
CRC incidence rate of 14.6% and a mortality rate of 1.48% in 2020. Between 2006 and 2016,
the number of CRC cases rose by 8% and 7%, respectively. Factors contributing to this
increase included low educational levels, sedentary behavior, and high rates of obesity. The
study highlighted the urgent need for comprehensive cancer control strategies focused on
primary prevention and raising public awareness to lower CRC incidence and enhance

survival outcomes [13].

A study[6] proposed Saudi Arabia as an ideal setting for the adoption of Predictive,
Preventive, and Personalized Medicine (PPPM) frameworks, particularly in the context of
CRC. The analysis emphasized the increasing CRC burden and identified the absence of a
comprehensive national screening program as a major contributor to the high proportion of
late-stage diagnoses, with nearly half of the cases presenting with regional or distant
metastases. The study recommended integrating early detection efforts, risk-based predictive
models, and individualized treatment strategies to enhance clinical outcomes. It also
highlighted the importance of lifestyle changes—such as improving dietary habits and
increasing physical activity—in alleviating the rising CRC burden. Also, in a separate

retrospective evaluation [14] conducted within the Ministry of National Guard—Health
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Affairs, late-stage presentation and the absence of surgical or chemotherapy treatment were
found to be the strongest predictors of poor survival. These findings underscore the need for
a nationwide, population-based screening initiative to support early diagnosis and improve

survival prospects.

A continuous rise in CRC incidence has been reported in KSA [15], with the disease now
considered the most common cancer among Saudi men. The absence of a national CRC
screening initiative has contributed to approximately half of the cases being identified at
advanced stages. To address this, the authors advocated for the incorporation of CRC
screening within primary healthcare services and the initiation of national campaigns aimed
at promoting healthier lifestyle habits. They also anticipated a marked rise in cancer
diagnoses by 2040, influenced by demographic transitions, evolving lifestyle patterns, and

an aging population.

Detecting CRC at an early stage is vital for enhancing survival outcomes. Although several
factors impact patient survival, treatment modality remains a key determinant. Lately, Al
and ML have emerged as promising tools for enhancing the accuracy and reliability of
chronic disease diagnosis and prediction, including CRC. A growing body of research has
explored the application of ML techniques in CRC screening and prevention, underscoring

their potential to significantly improve patient prognosis.

A recent investigation conducted in Morocco examined the factors influencing CRC survival
using an interpretable machine learning (ML) framework. The model highlighted key
prognostic indicators, including demographic characteristics, cancer staging, and treatment
modalities, offering meaningful insights into patient outcomes. By facilitating the
identification of high-risk cases, the study supports the development of more individualized
therapeutic strategies. This approach demonstrates significant potential to strengthen clinical
decision-making and improve CRC management and survival rates within the Moroccan

healthcare system [16].

Building upon this foundation, the current study underscores the significant promise of
advanced ML techniques in identifying high-risk populations and improving CRC outcomes

in KSA. This study presents a novel strategy for tackling the ongoing challenges of CRC



management—specifically cancer status, recurrence, and survival—through the
development and validation of predictive models that integrate both cutting-edge ML
techniques and traditional statistical approaches. By employing this comprehensive
analytical strategy, the study aims to advance CRC prevention and patient care by enabling
more accurate and individualized risk assessments. Expected outcomes include better
identification of high-risk individuals and deeper understanding of disease progression,
ultimately supporting targeted interventions and reinforcing national CRC healthcare

strategies.

To accomplish these objectives, the study will begin with descriptive statistical analyses to
summarize the demographic and clinical profiles of the participants. A suite of ML
algorithms—including Support Vector Machines, Random Forests, Extreme Gradient
Boosting, and Artificial Neural Networks —will be employed to construct predictive models
for three key CRC outcomes - cancer status, recurrence and vital status. For survival analysis,
Cox proportional hazards regression will be utilized to capture time-to-event dynamics
related to recurrence and overall patient prognosis. Model performance will be assessed
using ROC curve analysis, while cross-validation techniques will be implemented to
minimize overfitting and enhance the models' generalizability. To optimize predictive
accuracy and interpretability, feature selection will be conducted using Sequential Backward

Search, systematically removing less informative variables from the models.

Model effectiveness will be evaluated using a comprehensive set of performance metrics,
including Area Under the Curve (AUC), sensitivity, specificity, positive predictive value
(PPV), and negative predictive value (NPV), all assessed within a cross-validation
framework. The broader significance of this research lies in its potential to enhance risk
stratification, enable earlier and more tailored clinical decision-making, and inform long-
term strategies to reduce the CRC burden. By integrating clinical expertise with advanced
data-driven modeling, this study seeks to deliver a practical and impactful approach to

improving cancer outcomes and advancing public health efforts KSA.

1.2 Literature review

CRC is one of the most widespread malignancies globally, posing significant obstacles to

prognosis, diagnosis, and treatment. Improving survival outcomes requires early detection,
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and ML techniques have become powerful instruments in recent years for increasing the
accuracy of CRC diagnosis and prognosis. The World Health Organization (2020) [17], The
increasing prevalence of CRC worldwide calls for the creation of novel approaches to

enhance screening and diagnostic precision.

Numerous studies have utilized supervised learning methods—such as decision trees,
support vector machines, and deep learning—to forecast CRC outcomes based on clinical
and genetic information. One study [18] for instance, concentrated specifically on dietary
intake variables to estimate CRC risk through ML models. The primary features incorporated

in the predictive modeling include:

I. Dietary Patterns: The investigation analyzed various food items and nutrient
consumption levels to explore how particular eating behaviors relate to the risk of
CRC. Information was obtained using dietary surveys, allowing for an evaluation of

food intake patterns and nutrient composition.

II. Textual Data Processing: A novel component of the study involved processing
textual descriptions of food ingredients. These were converted into a structured
corpus, allowing the identification of key ingredients most associated with CRC risk

through frequency and relevance analysis.

To enhance model performance, a two-step feature selection approach was used,
incorporating techniques such as logistic regression, Boruta, and Knockoff filters to identify
the most significant predictors of CRC risk. This approach reduced the impact of superfluous
or unnecessary factors while allowing research to concentrate on the most significant dietary

characteristics.

A comprehensive review [19] emphasized the transformative impact of Al in the
management of CRC. It highlighted the ability of Al technologies to enhance early detection,
diagnosis, treatment planning, and prognosis in CRC care. Through the analysis of large-
scale clinical and omics data, ML supports clinicians in identifying high-risk individuals and
tailoring personalized treatment strategies. The review reinforces the pivotal role of Al in

improving patient outcomes and shaping the future of CRC management.



A systematic review [20] critically examined the potential of ML techniques for predicting
CRC risk. It analyzed 14 studies published between 2011 and 2021 that utilized ML models
such as random forests, neural networks, and LR. These models were applied to large-scale
datasets, with sample sizes ranging from over 17,000 to more than 2.5 million individuals.
Although the ML algorithms exhibited strong predictive performance, with AUC values
ranging from 0.738 to 0.896, no single model consistently outperformed the others. The
review also highlighted several challenges, including limited external validation, variation in
algorithms, and complexities in assessing cost-effectiveness. It concluded that while ML
shows great promise for CRC risk prediction, robust validation and effective clinical

implementation are necessary for broader application.

A detailed comparative analysis [21] was conducted to evaluate the effectiveness of various
ML models in predicting mortality and recurrence among CRC patients. The models
examined included decision trees, random forests, random survival forests (RSF), gradient
boosting, model-based boosting (mboost), and deep learning neural networks (DLNN). The
evaluation utilized clinical and demographic data such as age, sex, cancer stage, recurrence
status, and treatment details. Notably, gradient boosting and mboost outperformed other
approaches, demonstrating higher sensitivity and specificity in forecasting both recurrence
and mortality outcomes. In contrast, DLNN demonstrated the weakest predictive
performance. These findings highlight the critical role of selecting context-appropriate ML
models to enhance predictive accuracy and inform better decision-making in CRC

management.

In a study by Liu et al. [22] , a range of clinical and pathological factors were identified as
significant predictors of CRC recurrence following total mesocolic excision. The analysis

was performed using a comprehensive dataset that encompassed variables such as:

L. Preoperative Variables:

i. Demographics: Gender, age, BMI, and history of alcohol and/or tobacco use.

ii. Clinical Characteristics: American Society of Anesthesiologists (ASA) score,
nutrition risk score (NRS 2002), prior surgeries, illness duration, and previous

chemotherapy or radiotherapy.



iii. Medical History: Conditions such as heart disease, hypertension, diabetes, ileus,
and anemia.
iv. Laboratory Tests: Preoperative levels of albumin, carcinoembryonic antigen (CEA),

and carbohydrate antigens CA19-9, CA125, and CA72-4.

v. Tumor Characteristics: Tumor stage (T-stage, N-stage), size, number, shape, nerve

or vascular invasion, and pathological type.
I1. Intraoperative Variables:

Type and duration of surgery, amount of intraoperative bleeding, number of lymph nodes

excised, surgical approach (e.g., open vs. laparoscopic), and emergency status.

I11. Postoperative Variables:

Follow-up laboratory tests (CEA, CA19-9, CA125, CA72-4, procalcitonin, CRP, serum
amyloid A [SAA], and neutrophil-to-lymphocyte ratio [NLR]) and tumor recurrence

status.

This structured dataset was used to develop ML models, emphasizing the value of both
clinical features and biomarkers in predicting recurrence.

Cakmak et al. [23] explored the application of supervised learning models and genetic data
to predict susceptibility to CRC. Their predictive modeling focused primarily on single
nucleotide polymorphisms (SNPs) associated with immune system regulation and immune-
related pathways. Using a patient-level genetic dataset, the study identified associations
between specific SNP variants and CRC risk. The findings highlighted the critical role of
genetic susceptibility in the development of CRC and showed that combining genomic

information with ML algorithms can improve prediction accuracy.

Talebi et al. [24] developed ML models to predict metastasis in rectal cancer patients using
clinical data from 1,127 individuals treated at Taleghani Hospital between 2013 and 2019.
Metastasis was the primary outcome variable, with independent variables including
demographic and clinical features such as tumor stage, tumor size, type of treatment, number
of lymph nodes involved, tumor grade, and comorbidities like diabetes mellitus. ML

algorithms including neural networks, random forests, and support vector machines were



applied to develop predictive models. The study found that tumor stage, lymph node

involvement, and treatment type were the most significant predictors of metastasis.

A review [25] explored the role of ML in improving CRC risk prediction through the use of
routinely collected healthcare data. It emphasized the incorporation of a wide range of
variables—such as demographic details, clinical backgrounds, and laboratory findings—into
predictive modeling. The review underscored the potential of ML to enhance CRC risk

stratification by utilizing extensive real-world datasets.

A study [26] examined the use of ML models for detecting CRC through standard laboratory
test data. Routine blood markers—including platelet counts, white blood cell counts, and
hemoglobin levels—were utilized to construct predictive models. Methods such as logistic
regression, random forests, and support vector machines were applied to assess CRC risk.
The findings highlighted the potential of incorporating non-invasive laboratory data into
predictive models to support earlier diagnosis and minimize dependence on invasive

screening methods.

Chen et al. [27] developed a user-friendly CRC prediction model using data from 234,044
Asian adults. The model incorporated a wide range of features, including demographic
variables (age, gender), lifestyle behaviors (smoking, alcohol consumption, and diet), and
clinical history (family history of CRC and existing medical conditions). ML techniques
were applied to analyze these variables with the goal of improving early detection and
prevention strategies. The study highlighted the effectiveness of integrating diverse data

sources into risk prediction models for CRC.

An article [28] explored the creation of a CRC research database using routinely collected
healthcare data, outlining both the methodological approach and its potential contributions.
It described the data integration process, highlighting the importance of incorporating
demographic, clinical, and treatment-related variables to better understand CRC patterns and
outcomes. The discussion also covered challenges such as harmonizing data from different
sources and ensuring robust data governance to protect patient confidentiality. The study
illustrated how well-structured databases can facilitate advanced research, strengthen early

detection strategies, and improve the quality of CRC care.



The authors also discuss the difficulties involved in harmonizing data from multiple sources
and emphasize the importance of strong data governance frameworks to protect patient
confidentiality. The study demonstrates that a well-integrated database can support advanced
research efforts, enhance early detection initiatives, and ultimately contribute to improved

patient management and CRC outcomes.

A study [29] utilized Al techniques to create a predictive model for tumor relapse in patients
with stage [I-II1 CRC after curative surgery. Among the models assessed, logistic regression
achieved the best predictive outcome with an AUC of 0.678. In addition, genomic profiling
revealed frequent occurrences of PIK3CA and DNMT3A mutations in older patients,
indicating age-related variations in tumor behavior. These results highlight the importance
of incorporating molecular and genetic characteristics into Al-driven prediction models to

improve CRC patient care.

One study [30] investigated the use of ML methods to forecast recurrence following surgery
in patients with stage IV CRC patients. The study analyzed data from 999 individuals, with
an 80/20 split for training and testing, respectively. Four ML techniques—Ilogistic regression,
decision trees, Gradient Boosting, and LightGBM—were assessed. Gradient Boosting
achieved superior performance, attaining an AUC score of 0.881 and an F1 score 0f 0.912 in
the training set. Although the logistic regression model showed the lowest AUC (0.692) in
the test set, Gradient Boosting retained solid predictive power with an AUC of 0.734. The
most influential predictors of recurrence included chemotherapy, patient age, LogCEA, CEA
levels, and anesthesia duration. These findings affirm the utility of ML models, particularly
Gradient Boosting approaches, in forecasting tumor recurrence and improving clinical

decision-making for stage IV CRC patients.

In summary, existing literature highlights the transformative potential of Al and ML in
advancing the management, detection, and prediction of CRC. Numerous studies have
demonstrated that ML algorithms can improve early detection, accurately identify high-risk
individuals, and predict recurrence, thereby enabling more personalized interventions and
better clinical outcomes. As research in this field continues to grow, the emergence of
accessible, Al-driven tools holds significant promise for further revolutionizing CRC care

and contributing to improved health outcomes across affected populations.
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1.3 Problem Description

This thesis aims to address the current limitations in integrated, evidence-based approach for
accurately predicting and managing key CRC outcomes; and data-driven approach to
predicting and managing multiple CRC outcomes - specifically cancer status, recurrence, and
vital status - within KSA. Despite ongoing improvements in healthcare infrastructure, CRC
continues to be a major contributor to cancer-related illness and death in KSA, with late-
stage diagnoses and limited outcome-specific predictive tools contributing to suboptimal

clinical decision-making and long-term health outcomes.

To tackle this challenge, we adopt a multi-method strategy that combines advanced ML
techniques with conventional statistical models (Cox proportional hazards and logistic
regression) to enhance prediction accuracy, interpretability, and clinical relevance. In
addition, a separate component of the study investigates the impact of cancer control policy

transitions on national trends in CRC prevalence, incidence, and mortality.
To guide our investigation, the following focused research questions have been formulated:

I. Risk Factors Identification: What are the potential demographic, clinical, and
behavioral risk factors within the KSA population that can be leveraged to effectively
predict CRC recurrence, cancer status, and vital status?

II. Modeling Techniques: Which traditional statistical methods and ML algorithms are
most effective for modeling these CRC outcomes in terms of accuracy, robustness,
and clinical interpretability?

II1. Model Validation and Performance Analysis: How can the developed models be
rigorously evaluated in terms of predictive accuracy, reliability, and generalizability?
Which performance metrics and validation strategies are most effective in ensuring
clinically meaningful outcomes?

I'V. Healthcare Implications: What are the practical implications of the identified clinical
risk factors and predictive model outputs for improving personalized CRC care,
guiding outcome-based interventions?

V. Policy Impact Assessment: How have historical transitions in national cancer control

policies influenced CRC trends (prevalence, incidence, mortality) over time in KSA?
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Together, these questions define the central objectives of this study, which aims to advance
CRC outcome prediction, inform personalized care, and support evidence-based public

health strategies in KSA.

1.4 Objective

This thesis aims to address the critical issue of CRC management by developing predictive
models for three key clinical outcomes: cancer status, recurrence, and vital status. The study
will utilize a comprehensive clinical dataset obtained from King Fahd Specialist Hospital in
Dammam, combined with population-level data from the GBD 2021 report. By applying
both advanced ML algorithms and traditional statistical methods, the research seeks to
improve predictive accuracy, support personalized care, and evaluate the long-term impact
of cancer control policies in KSA.

The following are the primary objectives of this thesis:

I. Risk Factors Identification: To identify demographic, lifestyle, and clinical risk
factors associated with CRC cancer status, recurrence, and vital status among the
Saudi population. This objective aims to evaluate how these factors can be effectively
integrated into predictive models to improve accuracy, enhance interpretability, and

support clinical relevance in outcome prediction.

II. Survival Analysis and ML Model Development: To develop robust predictive
models for the three CRC outcomes using both statistical methods and ML
algorithms. This study will assess numerous ML techniques, such as support vector
machines (SVM), random forests (RF) to identify the most effective methods for

predicting survival outcomes.

II1. Policy Impact Analysis: To assess the impact of transitions in national cancer
control policies on CRC prevalence, incidence, and mortality in KSA between 1990
and 2021 using GBD data. This will be achieved through negative binomial
regression and Hotelling’s T?-based control charts, enabling the detection of

statistically significant shifts over time.
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Through these objectives, the study aims to contribute novel insights into CRC prediction
and monitoring, improve outcome-based decision-making, and support evidence-driven

health policy in KSA.

1.5 Methodology

This thesis employs a comprehensive and innovative methodology to address the
multifaceted challenges associated with CRC outcome prediction in KSA. Moving beyond
recurrence alone, this research models three key clinical outcomes: cancer status, recurrence,
and vital status. To achieve this, both advanced ML techniques and conventional statistical
techniques - notably Cox proportional hazards regression and logistic regression - are
applied. The methodology is organized into five primary components:
I. Risk Factor Identification
A broad set of clinical, demographic, and treatment-related variables from hospital-based
patient records will be considered as candidate predictors for CRC outcomes. These variables
are grouped into the following domains:
i.  Demographic Variables: Patient sex, age at diagnosis, and marital status.

ii. ~ Tumor Pathology and Staging: Primary tumor site and histology (both ICD-
0O-3 coded), summary stage classification, and regional lymph node
involvement categorized as: (i) regional nodes positive, (ii) regional nodes
negative, or (iii) no nodes examined.

iii. =~ Treatment Modalities Received: Information on surgical intervention,
chemotherapy, radiotherapy, immunotherapy, and palliative care.

iv.  Follow-Up and Time-to-Event Variables: Date of CRC diagnosis, date of
recurrence detection, date of last contact or death, and date of last cancer
status evaluation.

v.  Outcome Variables: cancer status, recurrence status, and Vital status are The

primary outcomes of interest in this thesis.
II. Statistical Analysis and ML for Outcome Prediction

This phase centers on building predictive models for the three CRC outcomes using

a combination of traditional statistical methods and ML algorithms.

13



il.

iii.

Descriptive Statistics: A summary analysis will be performed to describe the
clinical and demographic characteristics of the participants, offering context
for the analyses that follow.

Traditional Statistical Models: Predictive models will be developed using
Cox proportional hazards regression for time-to-event outcomes, and logistic
regression (LR) for binary classifications of cancer status, recurrence and vital
status.

ML Algorithms: Predictive models will be developed using RF, Support
Vector Machines with both linear and radial kernels (svmLinear and

svmRadial), XGBoost, and ANN.

II1. Validation and Robustness of Models

To ensure the strength and dependability of our results, a comprehensive validation

strategy will be applied that extends beyond conventional model evaluation

techniques:

L.

1l.

Cross-Validation: Each model will be subjected to cross-validation on the
training data to minimize overfitting and promote generalizability across
various patient groups.

Sensitivity Analysis: Model stability will be assessed through sensitivity
analyses, where key predictor variables are systematically varied and
resulting changes in performance metrics are examined. This method will
help evaluate the influence of individual risk factors and ensure the model

remains robust across diverse clinical scenarios.

IV. Feature Selection:

To optimize model performance, enhance interpretability, and reduce overfitting,

feature selection will be applied at both traditional and ML modeling stages. In the

traditional statistical models (Logistic and Cox regression), a stepwise selection

strategy will be used to identify significant predictors based on model fit criteria (e.g.,

AIC). For ML models, Sequential Backward Elimination will be employed within a

nested cross-validation framework, starting with all candidate features and iteratively

removing the least informative variables. This embedded feature selection process
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ensures that the final models are both parsimonious and predictive, tailored to each

clinical outcome—cancer status, recurrence, and survival..

V. Policy Impact Analysis on CRC Trends

In addition to individual-level modeling, this thesis includes a population-level
assessment of the impact of national cancer control policies on CRC trends in KSA.
This analysis provides a broader public health context to complement the clinical
prediction components of the study.
Using data from the GBD 2021 study, covering the period 1990 to 2021, the analysis
will:

i.  Employ negative binomial regression to estimate age- and sex-adjusted

annual rates of CRC prevalence, incidence, and mortality.

ii.  Apply Hotelling’s T?-based control charts to detect statistically significant
deviations in these rates, corresponding to possible shifts in national cancer
policy or intervention programs.

This component aims to evaluate the effectiveness of KSA’s cancer control strategies
and connect policy transitions to changes in disease burden over time. It reinforces
the multi-level nature of this research by linking predictive modeling with health

system performance evaluation.

VI. Software and Computational Feasibility
All data processing, modeling, and analytical procedures in this study were carried
out using the R programming environment. The clinical and population-level datasets
used for this research were provided in Microsoft Excel format and were imported
and exported using packages such as readxl, openxlsx, and writexl, which supported

efficient handling of structured spreadsheet data.

A diverse set of R libraries was utilized to implement ML algorithms, perform
survival and regression modeling, and carry out statistical validation and control chart
analysis. Key packages for ML included caret for unified modeling workflows and

resampling, xgboost for gradient boosting, randomForestSRC for RF survival
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models, C50 and bst for decision tree and boosting models, and themis for addressing
class imbalance through techniques like Synthetic Minority Over-sampling
Technique (SMOTE).

For traditional statistical modeling and diagnostics, the study employed survival,
MASS, car, matlib, and Imtest, supporting generalized linear models, Cox regression,
and multicollinearity checks. Survival curve visualization and assumption checking
were facilitated through survminer, while competing risks modeling was performed
using cmprsk.

Model performance was evaluated using ROCR, pROC, PRROC, and caTools,
enabling robust computation of ROC curves, AUC scores, and other classification
metrics.

To evaluate the impact of national cancer control policies, statistical process control
and multivariate quality control techniques were applied using Hotelling, MSQC,
gcc, and spc. These libraries supported the construction of Hotelling’s T? control
charts and phase-wise monitoring of trends in CRC prevalence, incidence, and
mortality.

Collectively, this software ecosystem ensured reproducibility, computational
efficiency, and analytical rigor throughout all stages of data management, modeling,

and interpretation.

VII. Expected Outcomes:
This novel methodological approach is anticipated to improve the detection of high-
risk individuals and offer enhanced insights into critical clinical outcomes in CRC,
including recurrence, cancer status, and vital status. Through the integration of
advanced ML algorithms and conventional statistical techniques, the study seeks to
produce precise, interpretable, and clinically actionable predictions that facilitate
personalized patient care. Furthermore, the policy-oriented aspect of the research is
expected to generate meaningful evidence on the effectiveness of national cancer
control initiatives in KSA by examining how historical policy changes have shaped

CRC trends over time.
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Collectively, these outcomes will contribute to more informed, data-driven healthcare
strategies for CRC prevention, early identification and intervention. Ultimately, the
study aspires to transform patient care and public health planning in KSA through

robust predictive tools and actionable insight

1.6 Unique Contributions and Innovations

This research introduces several unique contributions to the field of CRC outcome

prediction and survival analysis, distinguishing it from existing studies and enhancing its

relevance to CRC management and public health planning in KSA:

1.

1l.

1il.

1v.

Multi-Outcome Prediction Framework: While many studies emphasize CRC
recurrence as a primary outcome, this thesis extends the scope by modeling three
clinically significant outcomes - cancer status, recurrence, and vital status to offer
a more thorough and useful comprehension of survivorship, treatment response,
and illness progression.

Statistical and ML Techniques: This study employs both traditional statistical
methods and advanced ML algorithms to enable rigorous comparison and
validation across modeling paradigms, and to offer both predictive power and
clinical interpretability.

Innovation in ML Application: By utilizing techniques like Sequential Backward
Search for feature selection, the study enhances the transparency and clinical
utility of ML models applied to CRC outcomes.

Performance Over Standard Models: The predictive models developed aim to
outperform conventional approaches in terms of accuracy and robustness, as
evaluated by metrics such as AUC, sensitivity, specificity, PPV, and NPV.
Optimized ML algorithms - such as SVM, RF, and ensemble methods—are
expected to deliver improved outcome predictions, especially for high-risk CRC
patients.

Policy Impact Analysis: A novel contribution of this thesis is its dedicated policy
analysis chapter, which evaluates how transitions in national cancer control

policies have influenced CRC prevalence, incidence, and mortality over time in
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KSA. This public health perspective links individual-level modeling to broader
systemic efforts in cancer control.
Together, these innovations position the study to contribute meaningfully to both the

clinical and policy dimensions of CRC prevention and management in KSA.
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2. Machine Learning Framework and Methodological

Foundations

This section provides a structured overview of the key ML concepts and methodologies
employed in this thesis. It focuses on various algorithms, statistical models, and evaluation
metrics essential for developing accurate and interpretable predictive models for CRC
outcomes. It also addresses the balance between model complexity, generalization, and
predictive performance, ensuring the optimal selection of techniques suited to the study's
objectives.

2.1 Machine Learning Techniques

The application of ML techniques in healthcare research continues to expand, offering robust
methodologies for analyzing complex datasets and enhancing predictive accuracy[31]. These
advanced computational methods facilitate the discovery of intricate patterns within large-
scale health data, thereby improving predictions, model accuracy, and addressing data
limitations such as missing values[32]. This chapter provides an outline of the specific ML
algorithms employed in this thesis, emphasizing their application to CRC prediction, risk
factor analysis, and survival modeling within the context of Saudi Arabia.

ML, a leading branch of Al, entails creating algorithms that can derive insights and generate
predictions or decisions from data. By leveraging statistical, probabilistic, and optimization
techniques, ML systems enhance their accuracy through repeated learning cycles without
being explicitly programmed for every task [33]: In the realm of biomedical research and
healthcare, ML holds substantial promise for extracting valuable insights from multifaceted
datasets, aiding in early detection, diagnosis, risk factor analysis, and prognostic modeling
[34], [35]

ML techniques are generally categorized into four broad paradigms: supervised,
unsupervised, semi-supervised, and reinforcement learning.

I.  Supervised Learning

This approach uses labeled datasets, where input variables (features) and the labels that
correlate to them are known, to train models. The model learns to establish relationships
between inputs and outputs, allowing for precise forecasts on invisible data. A variety of ML
techniques—including LR, Decision Trees (DT), Random Forests (RF), Support Vector
Machines (SVM), and Neural Networks (ANN)—are frequently employed in healthcare
settings to perform risk stratification and outcome estimation. [34]

II.  Unsupervised Learning
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In contrast to supervised learning, unsupervised learning operates on datasets that lack
predefined labels. Instead of relying on known outcomes, these algorithms aim to uncover
hidden patterns or intrinsic structures within the data. Techniques such as K-means and
Hierarchical Clustering are commonly utilized for grouping similar observations, while
methods like Principal Component Analysis (PCA) are employed for reducing
dimensionality. These approaches are particularly useful in descriptive analytics and the
identification of unusual or outlier behavior within datasets[33]

III.  Semi-Supervised Learning

This approach serves as a middle ground between supervised and unsupervised learning by
leveraging both labeled and unlabeled data. Semi-supervised learning is especially beneficial
in situations where obtaining labeled data is expensive or labor-intensive, allowing models
to achieve better performance using a relatively small set of labeled examples [36]

IV.  Reinforcement Learning

Unlike other learning paradigms, reinforcement learning focuses on teaching an agent to
make a series of decisions by engaging directly with its environment. Through a system of
rewards and penalties, the agent progressively learns to choose actions that maximize long-
term benefits. This method is particularly effective in dynamic, uncertain settings where
labeled training data is limited or unavailable [37]

In this study, supervised learning techniques are utilized to model CRC outcomes by training
algorithms on labeled clinical datasets from King Fahd Specialist Hospital in Dammam. The
primary focus is to predict cancer status, recurrence, and vital status using demographic,
clinical, and treatment-related variables. Performance metrics such as AUC, sensitivity,
specificity, PPV, and NPV are used to evaluate model accuracy and reliability. Feature
selection is performed using Sequential Backward Search to enhance model efficiency and
interpretability.

Outlined below is a summary of the ML techniques employed in this thesis:

2.1.1 Logistic Regression (LR)

LR is a supervised learning algorithm designed to address problems involving two-class
classification, where the target variable takes on one of two distinct categories (e.g., 0 or 1,
positive or negative). Although called “regression,” it is fundamentally a classification
algorithm because it models the probability that a given observation is associated with a
specific class label [38].

The core of LR is the sigmoid function, which transforms continuous input values into a
range between 0 and 1, effectively representing probabilities [39]:
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9(2) = 1+e2

Here:

e zis alinear combination of inputs, z= 07 x
e The output is a probability score that can be interpreted as the likelihood of a
particular class.

LR estimates the likelihood of y=1 given inputs x through the sigmoid activation function

[39]:

_ 1
P(y=1|x;8)= 1o o0 g(8"x)
Here, 6 is a vector of model parameters, and the output is the probability of belonging to

class 1. This setup assumes that the dependent variable follows a Bernoulli distribution.

LR expresses the natural logarithm of the chances of the outcome as a linear function of the
input variables [33]:

logit(p) =log (J%p) =0Tx

Taking the exponential of both sides gives the odds[33]:

1% T
:eex

1-p

This formulation demonstrates that LR models a linear relationship between the predictors
and the log chances of the outcome.

The model coefficients 6 are determined through Maximum Likelihood Estimation (MLE).
For a dataset of observations (x;, y;), the likelihood function is[40]:

n
1©® = | [pe(1-pe) ™"
i=1
Taking the natural logarithm gives the log-likelihood function[40]:
n
1(8) = Z[yi log(p(x) + (1 = y) log(1 — p(x)]
i=1

This function is maximized using numerical optimization techniques such as gradient
ascent or Newton-Raphson.
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Advantages of Logistic Regression

I. Probabilistic Interpretation: Provides probability estimates for each class, which can
be useful in decision-making [41].

II. Ease of Implementation: Simple to implement and computationally efficient, For
instance, a study comparing various ML models for breast cancer diagnosis found
that LR not only outperformed more complex models like DT and SVM but also
demonstrated significant computational efficiency, rendering it especially
appropriate for use in medical contexts [42].

II1. Interpretability: Coefficients are straightforward to interpret, especially when
features are not correlated[43].

Limitations of Logistic Regression

I. Assumes that the predictors have a linear association with the log-odds of the
dependent variable [44].

II. Not suitable for complex, non-linear decision boundaries unless transformed[45].

II1. Sensitive to multicollinearity among predictors[46].

2.1.2 Decision Trees (DT)

DT is a supervised learning technique applied to both classification and regression issues.
DT are widely used ML models that provide excellent interpretability and robust predictive
performance. They are applicable to both categorical and continuous outcome prediction
tasks and do not require domain-specific knowledge or parameter tuning, making them
straightforward and easy to understand[47]

Structure of a DT

DT is structured with leaves at the base, resulting in an inverted tree-like appearance. Its
components include[48], [49]:

I. Target or Class Variable: Represents the outcome being predicted, such as disease
status or risk level.

II. Root Nodes: The starting point of the splitting process, determined by the feature
that best separates the classes.

II1. Branches: Connections between nodes, representing decisions made based on the
feature's values.

IV. Pure/Impure Nodes: A node is pure if it contains only one class, and impure if it has
a mix of classes.

V. Decision Nodes: Impure nodes that necessitate further splitting based on a different
feature.
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VI. Leaf Nodes (Terminal Nodes): Pure nodes that signify the end of a branch where
predictions are made.

This top-down, greedy approach iteratively selects the most suitable attribute at every node
from the root to the final terminal node, ensuring the dataset is effectively partitioned at each
step [33].

Attribute or Feature Selection

Effective feature selection is critical for constructing a robust decision tree. Several metrics
are commonly used to determine the best attribute for splitting:

e Entropy: Quantifies the level of disorder or uncertainty within a dataset. A node with
mixed composition is considered to have higher entropy than a pure node. It is
calculated as:

n
H(S) =— Z p;log, p;
=1

Where P; represents the probability of randomly choosing an instance that belongs to class
i, and is a subset of the training examples [33]

e Information Gain: Quantifies the decrease in entropy caused by splitting the dataset
based on a specific property. It's calculated with the following formula [33]:

Sy
G(S,A) =H(S) - ||S||

vEValues(4)

H(Sy)

Where S represents the dataset, and S, is the subset of data where attribute takes the value v

e Gini Index: Measures the impurity of a node by calculating the probability of
misclassification. It is computed as[33]:

c
Gini(D) = 1 — Z p?
-

l

Where C denotes the total number of classes, and P; is the proportion of samples belonging
to class i.

¢ Gain Ratio (C4.5): An improvement over information gain that adjusts for bias by
normalizing the information gain using the intrinsic information of a split[50].

e Chi-Square Feature Selection and Integration with C5.0 Algorithm : The Chi-
Square test evaluates attribute significance by measuring dependence on the target
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variable. While the C5.0 algorithm, developed by Ross Quinlan, improves upon C4.5
with boosting and pruning, it doesn't use Chi-Square tests inherently. However,
integrating Chi-Square feature selection with C5.0 improves accuracy, robustness,
and reduces overfitting [51], [52].

DT Algorithms
There are several widely used algorithms for constructing decision trees:

I. CART (Classification and Regression Trees): Developed by Breiman et al, CART
builds binary decision trees by employing the Gini index for classification tasks and
Mean Squared Error for regression [53]

II. C4.5: Developed by Quinlan, this algorithm improves upon ID3 by handling
continuous and categorical data, using gain ratio for feature selection, and
incorporating pruning for better generalization [54].

II1. C5.0: An enhancement of C4.5 with faster performance, better memory efficiency,
and support for boosting. It is commonly used for large-scale classification tasks [55].

IV. CHAID (Chi-Squared Automatic Interaction Detection): this algorithm is particularly
effective for categorical data, using statistical tests to determine splits [56]

V. QUEST (Quick, Unbiased, Efficient, Statistical Tree): Developed by Loh, QUEST is
designed for computational efficiency and unbiased splitting of continuous and
categorical data [57]

Advantages of DT

DT provide various benefits that make them a popular choice for ML applications. One of
their primary strengths is interpretability; decision trees are easy to understand and visualize
through graphical representation. This transparency is valuable when communicating results
to stakeholders or interpreting the underlying relationships between features. Additionally,
decision trees excel at handling nonlinear relationships. They can effectively capture
complex decision boundaries without the need for feature scaling or transformation, which
is a common requirement for other algorithms such as LR or SVM. Moreover, DT provide
significant versatility, as they are applicable to both categorical and continuous outcome
prediction tasks. This broad applicability is further enhanced by their simplicity, as they do
not require extensive data preprocessing or parameter tuning [33]

Limitations of DT

Although DT have numerous strengths, they also possess significant drawbacks that can
affect their performance and generalizability. A significant drawback is their tendency to
overfit, particularly when deep trees are constructed with numerous branches. Such models
can memorize the training data rather than generalize well to new, unknown input.
Additionally, decision trees exhibit instability, Meaning that tiny modifications in the
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training data can result in significantly diverse tree architectures. This sensitivity can
complicate model interpretation and reliability. Another limitation is the potential for bias,
especially when the dataset is imbalanced or when features have differing scales or
magnitudes. Furthermore, decision trees may exhibit limited generalization capability,
particularly when applied to noisy or complex datasets, where their hierarchical splitting
approach may struggle to capture subtle patterns or interactions [33]

Applications of Decision Trees

Decision Trees have been widely adopted in healthcare for disease diagnosis, treatment
planning, and risk assessment, offering transparent and reliable support for clinical decision-
making. Beyond healthcare, they are also applied in finance and marketing for tasks such as
credit scoring, fraud detection, and customer behavior analysis[33].

2.1.3 Random Forest (RF)

RF is a prominent ensemble learning algorithm in ML, renowned for its versatility and
robustness in regression and classification tasks. During training, it creates several decision
trees and returns the mode of the classes (for classification) or the mean prediction (for
regression) of the individual trees [58].

The RF algorithm works by generating many decision trees, each trained on a random portion
of the training data using a technique known as bootstrapping. Furthermore, at each split in
the tree building, a random subset of features is chosen, increasing tree variety and lowering
the danger of overfitting. This randomization ensures that the ensemble model catches a
variety of patterns in the data [33]

Advantages of RF

One of the most notable benefits of RF is its high accuracy. By combining predictions from
numerous decision trees, RF achieves improved accuracy compared to individual trees. This
enhanced accuracy results from the diversity and averaging of predictions, which effectively
reduces the overall variance of the model and improves its generalization ability [58].
Additionally, RF demonstrates robustness to overfitting due to the combination of
bootstrapping and feature randomness. The algorithm constructs decision trees by drawing
random samples of the data with replacement and choosing random subsets of features at
each node split. This method helps minimize correlations between the individual trees,
further enhancing robustness and performance, particularly in complex datasets [59].

Another advantage of RF is its ability to provide estimates of feature importance. Throughout
the training procedure, the algorithm calculates The significance of each feature by
determining the decrease in the Gini index or residual sum of squares (RSS) when splits are
made using that feature. By averaging these decreases over all trees, RF generates an
importance ranking, which aids in feature selection and provides insights into the data's basic
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structure [33], [60]. Furthermore, RF is effective at handling missing data. The algorithm can
retain accuracy even when a large piece of the data is absent by utilizing proximities between
observations to estimate missing values, thus making it robust and reliable in real-world
scenarios[59].

Limitations of RF

Despite its obvious advantages, RF does have certain limits. One of the primary
disadvantages is It is computationally complex. Training many decision trees can be
computationally demanding, especially when working with big datasets. This issue may
result in longer training times and increased resource consumption, especially when the
algorithm is applied to high-dimensional data[59]. Furthermore, while individual decision
trees are simple to read, RF's ensemble structure makes it difficult to understand how each
tree contributes to the final forecast. This reduced interpretability can be a drawback when
model transparency is required[59]. Furthermore, RF may exhibit bias when handling
categorical variables with different numbers of levels. Variables with more categories tend
to have more splits, influencing the prediction more heavily and potentially leading to biased
results [59].

Applications of RF

RF is frequently used in numerous fields such as healthcare, environmental monitoring, and
remote sensing. Its robustness and ability to handle complex data make it suitable for diverse
applications [59]

Recent improvements in RF include methods to enhance accuracy and robustness by
optimizing decision tree construction, adjusting the feature selection process, and integrating
optimization techniques such as Elastic Net and SVM Recursive Feature Elimination.
Additionally, attempts have been made to improve the management of high-dimensional
datasets and boost their interpretability [61]

2.1.4 Support Vector Machines (SVM)

SVM have been commonly acknowledged as highly effective classifiers, demonstrating their
effectiveness across various domains, including applications in the medical field[62]

SVMs are powerful tools for supervised learning tasks encompassing regression and
classification. By design, SVMs are tailored for binary classification and are distinguished
by their exceptional predictive accuracy [33]

Finding the best separating hyperplane that optimizes the margin between two classes is the
basic idea of SVM. Support vectors, or the data points nearest to the decision border, define
this hyperplane[63]
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Given a training dataset D = {(x;, y;)}i=,, where x; is a feature vector of p dimension and
y; 1s the label corresponding to x; with y; € {+1,—1}. The objective is to identify a
hyperplane that possesses the following properties:

wix+b=0
where w denotes the weight vector and b represents the bias term.
Maximizing the difference between the two classes is the goal, which is equivalent to
minimizing:

in=[lw?

min= [|w

wb 2
Subject to the constraint:

yiwlx; +b) =1, Vi

The Hard Margin SVM is the name given to the aforementioned formulation. Since perfect
separation is frequently impossible in real-world situations, slack variables §; are included
to a Soft Margin SVM:

i [wil? + Czn:
min> [lwll . &
=1

Subject to:

ywix; +b)>1-§, §=0

where the trade-off between maximizing the margin and minimizing classification errors is
controlled by the regularization parameter C.

Separating Hyperplane

The decision boundary that separates the classes in the feature space is represented by the
separating hyperplane, a key idea in SVMs. It is defined by the following equation:

wix+b=0
Where:

e w is the normal vector that is orthogonal to the hyperplane.
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e b is the bias term that defines the hyperplane's displacement from the origin.

The margin, which SVMs aim to maximize, denotes the gap between the hyperplane and the
closest instances from each class. We call these closest data points "support vectors". A
point's distance to the hyperplane is calculated as:

Distance =

Maximizing the margin is equivalent to minimizing the norm of the weight vector ||w/|| .
which promotes a robust decision boundary that generalizes effectively to new, unseen
data.

Kernel Trick

SVMs can be adapted for non-linear classification tasks by mapping the original input
space into a higher-dimensional feature space through the use of a kernel function [64],
[65]

K (x %) = {0 (x, d(x))
Common kernels include[65], [66]:

e Linear Kernel: K (x;,x;) = x] x;
e Polynomial Kernel: K (xl-,x]-) = (yxiT X + r)d
e Radial Basis Function (RBF): K(xi, x]-) = exp (—y ||xl- - x]-||2)

Advantages of SVM

SVMs offer several advantages that make them highly suitable for healthcare applications.
Their strong generalization ability and robustness against overfitting are particularly
beneficial when working with high-dimensional clinical datasets, where the number of
features often exceeds the number of samples. The principle of Structural Risk Minimization
enables SVMs to achieve high accuracy in both linear and non-linear classification tasks,
which is critical for medical diagnosis, risk prediction, and disease classification [67], [68].
Moreover, their versatility through kernel functions allows SVMs to handle complex
biomedical data structures by transforming them into higher-dimensional spaces where a
linear decision boundary becomes feasible. Their efficiency in high-dimensional spaces,
memory-efficient predictions using support vectors, and proven success in biomedical
domains such as genomics and medical image analysis further enhance their value in
healthcare settings [37].
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Beyond healthcare, SVMs are useful in fields like image and text classification,
bioinformatics, and in hybrid approaches integrated with deep learning for improved
performance in complex real-world tasks.

Limitations of SVM

SVMs have several notable limitations. They require high computational resources for large
datasets, as the training process involves solving a complex quadratic optimization problem.
Their performance is highly sensitive to parameter tuning, particularly the choice of kernel
and associated parameters, which demands extensive cross-validation. SVMs also tend to
exhibit weak performance on imbalanced datasets [69], often favoring the majority class, and
they are sensitive to noise and overlapping classes, which can distort the decision boundary.
Additionally, SVMs lack probabilistic output, offering only binary predictions without
confidence levels, which can be a drawback in applications like healthcare. Moreover, since
SVMs are inherently binary classifiers, extending them to multi-class problems increases
computational complexity. Finally, selecting and optimizing the appropriate kernel function
can be challenging, especially in large-scale problems [67], [68].

Applications of SVM

SVMs have shown strong potential in medical and healthcare applications. They are
frequently used in disease diagnosis and outcome prediction, including cancer classification,
cardiovascular disease detection, and leukemia incidence and mortality forecasting [39].
Their effectiveness extends to bioinformatics tasks such as protein classification, DNA
classification, and protein-protein interaction prediction, where their ability to handle high-
dimensional and complex biological data offers clear advantages over traditional statistical
methods [37].

Outside the healthcare domain, SVMs are widely used in text categorization, image
classification, financial analysis, speech recognition, and predictive control, offering robust
performance across diverse, high-dimensional datasets [67].

2.1.5 Artificial Neural Networks (ANNS)

ANNSs are computational models Motivated by the biological neural networks seen in the
human brain. They are made up of layers of artificial neurons (nodes) that are connected.
That handle information by modifying connection weights using learning algorithms. The
resurgence of interest in ANNs occurred with the development of backpropagation
algorithms and the advent of deep learning architectures, which facilitated more efficient
training of multi-layer networks [34]

Structure of ANNSs

ANNSs generally consist of three types of layers:
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L.
II.

II1.

Input Layer: Takes in unprocessed data and sends it to the network.

Hidden Layers: Intermediate layers where computations are performed. Multiple
hidden layers form deep networks, which allow learning of complex patterns [34]
Output Layer: Generates the end product, such as classification or forecast.

In order to introduce non-linearity, each neuron processes inputs by first applying a
mathematical function to the weighted sum of inputs, and then an activation function (such
as Sigmoid or ReLU) [70]

Characteristics of ANNs

ANNSs possess certain characteristics that distinguish them from traditional statistical

models and allow them to pick up intricate patterns in data. These characteristics include
adaptability, fault tolerance, non-linearity, and parallel processing [34], [71]

Components of ANNs

ANNSs are composed of several critical components, including[34]:

L

II.

I1I.

Neuron: These are the fundamental units of computation that get inputs, process
them, and then generate outputs. They are commonly represented by a weighted sum
of inputs with non-linearity introduced by an activation function.

Activation Functions: These are mathematical operations that add non-linearity to
neuronal output. Examples include ReL U, Sigmoid, tanh, etc. They are necessary for
neural networks to be able to recognize intricate patterns.

Feedforward Networks (Multilayer Perceptrons - MLPs): Described as networks
where information flows through layers of neurons without feedback connections.
They are the simplest form of deep learning models.

IV. Feedforward Networks vs Feedback Networks: Feedforward networks, such as

Multilayer Perceptrons (MLPs) and Convolutional Neural Networks (CNNs), allow
data to move without cycles or loops in a single direction, from input to output [42].
In contrast, feedback networks, include Long Short-Term Memory Networks
(LSTMs) and Recurrent Neural Networks (RNNs), which are ideal for sequential and
time-dependent data because they have loops that allow the network to remember
prior inputs [72]

Differentiability Requirement: Activation functions in ANN must be differentiable
to enable the application of gradient-based optimization algorithms such as
backpropagation. This requirement ensures the network can effectively learn through
iterative optimization processes. According to Goodfellow, Bengio, and Courville
(2017), activation functions like ReLLU are particularly effective because their near-
linear behavior makes them easier to optimize using gradient-based methods,
especially when the network is active and the derivatives remain large[34]
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VI. Signal Processing and Thresholding: Neurons fire (activate) when a specific
threshold is reached by the weighted sum of the inputs [73]

Types of Artificial Neural Networks

ANNSs can be divided into a number of categories according to their design and method of
learning. Among them are:

I. Perceptron: The simplest ANN model consisting of a single layer of neurons used for
binary classification tasks [34]

II. Multi-Layer Perceptron (MLP): a backpropagation-trained network with one or more
hidden layers. More complicated tasks like pattern recognition and regression are
handled by MLPs [70].

II1. Convolutional Neural Networks (CNNs): primarily made for jobs involving
computer vision and image processing. CNNs have shown remarkable efficacy in
object identification, segmentation, and image classification [70].

IV. Recurrent Neural Networks (RNNs): efficient when processing data in a sequential
manner. For time-series forecasting and natural language processing, two common
variations are Long Short-Term Memory (LSTM) networks and Gated Recurrent
Units (GRUs) [74]

V. Generative Adversarial Networks (GANs): GANs were first presented by
Goodfellow et al. and are used for unsupervised learning and data production tasks.
They are composed of two competing networks, a discriminator and a generator [34]

VI. Transformers: Emerging as a powerful architecture for NLP tasks, Transformers
have outperformed RNNs in various language modeling and translation tasks[75]

Advantages

ANN s offer several advantages that make them highly effective in a variety of applications.
One of their key strengths is adaptability— their capacity to use training to uncover intricate
links and patterns in data, which enables them to tackle diverse and nonlinear problems [34]

ANNSs also support parallel processing, allowing them to handle large volumes of data
simultaneously and improve computational efficiency, especially in high-dimensional
tasks[76]. Additionally, their distributed architecture provides fault tolerance, making them
sturdy enough to noise and errors in the input data, that is particularly beneficial in real-
world, imperfect datasets[71].

Disadvantages

Despite their strengths, ANNs have some disadvantages. They are particularly prone to
overfitting, which might restrict their capacity to generalize to new data, especially when
trained on noisy or limited datasets [77] .Additionally, the training of deep neural networks
is computationally intensive, often requiring significant processing power and high-
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performance hardware, making them less accessible for resource-constrained environments
[78] .Another major limitation is their lack of interpretability; ANNs are often considered
"black-box" models because it is challenging to comprehend and describe their own decision-
making processes, which can be problematic in fields where transparency is critical, such as
healthcare [34].

Applications

ANNSs have been widely applied in healthcare and related fields, offering powerful tools for
cancer detection, disease diagnosis, and treatment prediction. Their capacity to pick up
intricate, nonlinear relationships from medical and biomedical data makes them particularly
valuable in supporting medical decision-making and improving patient outcomes [79].

Beyond healthcare, ANNs are used in energy management for forecasting and optimizing
consumption [80], in natural language processing for activities like sentiment analysis and
translation with Transformers-like models [75], in predicting finances for market trend
prediction and fraud detection [34], and in environmental engineering to enhance the
efficiency of wastewater treatment processes [81].

2.1.6 Extreme Gradient Boosting (XGBoost)

XGBoost is renowned for its computational efficiency and scalability. Chen and Guestrin
(2016) improved approximate tree learning's performance on big datasets by introducing a
weighted quantile sketch and a unique sparsity-aware method. These developments allow
XGBoost to effectively process billions of instances, even in contexts with memory
constraints or distributed processing [82], [83].

XGBoost employs a collection of weak classifiers, typically DTs, to build a strong and
reliable prediction model. This sequential training method incrementally merges the outputs
of individual trees to build a strong model. It applies second-order gradients to reduce the
loss function, enabling more accurate optimization [82].

XGBoost incorporates L1 (Lasso) and L2 (Ridge) regularization into its objective function
to lessen overfitting. By limiting model complexity, these penalties encourage the use of
simpler models that are more adept at generalizing to new data. In order to further avoid
overfitting, it also uses a shrinkage (learning rate) parameter to control the step size during
additive boosting [82]

Hyperparameter Optimization:

Effective hyperparameter tuning is crucial for maximizing XGBoost's performance.
Techniques such as Bayesian optimization have been employed to optimize
hyperparameters, leading to improved model accuracy and efficiency [84]
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Versatility in Applications:

XGBoost's scalability and efficiency make it suitable in a variety of applications, from
educational data mining to process optimization. Its capacity to manage intricate models and
big datasets has been demonstrated across various domains|[82].

In summary, XGBoost's design focuses on computational efficiency, robust ensemble
learning, and effective regularization techniques. Its scalability and versatility have been
validated across numerous studies, making it a powerful tool in the ML landscape.

2.1.7 Ensemble Modelling

Ensemble modeling is a robust ML technique that combines multiple base models to boost
predictive accuracy, minimize overfitting, and enhance generalization. By aggregating
diverse models, ensemble methods capitalize on the strengths of individual learners, resulting
in forecasts that are more trustworthy and accurate than those produced by a single model
[85].

Categories of Ensemble Models:

e Sequential Ensembles:

In sequential ensemble techniques, base learners are generated in sequence, with each
learner attempting to correct the errors of its predecessor. This dependency among learners
helps in reducing prediction errors. Notable examples include AdaBoost and Gradient
Boosting[86].

e Parallel Ensembles:

Parallel ensemble models operate independently and simultaneously, aiming to minimize
errors by averaging multiple learners. This method is exemplified by algorithms like RF,
where multiple DT are constructed in parallel to improve predictive performance[87].

e Homogeneous Ensembles:

These ensembles consist of multiple instances of the same learning algorithm, each trained
using distinct portions of the dataset or with varying parameters. A prominent example is the
RF algorithm, which employs multiple DT to enhance predictive accuracy[88].

e Heterogeneous Ensembles:

Also known as hybrid ensembles, these merge various kinds of learning algorithms to
capitalize on the advantages of each. For instance, integrating a neural network with a
decision tree can enhance model diversity and performance[89].

Key Ensemble Techniques:

33



I. Bagging (Bootstrap Aggregating):

Bagging involves creating several variants of a predictor by generating bootstrapped samples
(randomly drawn with replacement) from the original training dataset. Each model is trained
independently, and their predictions are combined—usually through averaging in regression
tasks or majority voting in classification—to generate the final output. This approach is
designed to lower variance and mitigate overfitting. A common example is the RF
algorithm[90].

II.  Boosting:

Boosting is an iterative process in which each model is taught to fix the mistakes of the one
before it, effectively converting weak learners into strong ones. Popular implementations
include AdaBoost and Gradient Boosting, known for minimizing bias and variance, leading
to improved model accuracy [91].

III.  Stacking:

Stacking aggregates the predictions of several models that were trained concurrently using a
meta-learner. This approach leverages the unique strengths of various algorithms, often
resulting in enhanced predictive performance. However, it demands careful consideration of
base and meta-learner selection to avoid overfitting[92].

Applications of Ensemble Modeling

Ensemble modeling has shown significant promise in medical and healthcare applications by
enhancing the precision and reliability of predictive models. It has been used for early disease
prediction, such as pneumonia, by leveraging laboratory test data to enhance diagnostic
precision [93]. Additionally, ensemble techniques have been applied to predict surgical
outcomes in laparoscopic procedures [94] and to improve the prediction of drug-drug
interactions, contributing to safer treatment decisions [95], [96].

In other domains, ensemble modeling has enhanced sea surface temperature forecasting by
integrating statistical and ML methods [97], and has improved parameter estimation in
complex systems, increasing accuracy and reducing manual workload [98].

In conclusion, ensemble modeling stands as a robust approach in ML, offering enhanced
predictive performance across various disciplines, including medical research and statistical
analysis. Its ability to combine multiple models to mitigate individual limitations makes it a
valuable tool in the development of reliable predictive systems [99].
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2.2 Machine Learning Evaluation Techniques

Evaluating ML models is crucial to ensuring their predictive performance, robustness, and
generalizability. Various evaluation techniques have been developed to mitigate overfitting,
assess model reliability, and select the optimal algorithm for a given task. Among these,
cross-validation (CV) is one of the most widely employed techniques, systematically
partitioning the dataset into subsets, allowing the model to be trained on one subset and tested
on another[100].This method estimates the generalization error of the model, reducing the
risk of overfitting and allows for more precise evaluation of the model's performance by
providing insights into how it performs on unseen data[101][102]

2.2.1 Hold-Out Method

The Hold-Out Method is one of the simplest and most commonly used evaluation techniques
in ML. It involves splitting the dataset into two distinct subsets: a training set used for model
development and a test set for evaluation. The most frequently used split ratios are 70/30 or
80/20, though variations such as 60/40 or 90/10 may be employed depending on dataset size
and the need for statistical reliability[100].

The primary advantage of this approach is its computational efficiency, making it well-suited
for large datasets. Since the model is trained on a substantial portion of the data, it can learn
meaningful patterns while the test set provides an unbiased assessment of performance[103].
However, a significant limitation is its dependency on a single random split, which can
introduce high variance and bias, leading to inconsistent model evaluations. Different splits
may yield different accuracy scores, making the estimation of generalization error less
stable[104].

Procedure of the Hold-Out Method

I. Dataset Partitioning:

The dataset is randomly partitioned into two sets: training and test data. The test set
represents previously unseen data and should be used only once to avoid biased performance
estimation [100].

II. Model Selection and Training:

After data partitioning, a learning algorithm is chosen based on the problem type. The
algorithm is trained on the training set, where it learns patterns and relationships among
features. Hyperparameters, which influence learning behavior, must be manually specified
before training, as they are not learned from the data [104].

II1. Performance Evaluation on Test Set:
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Once the model is trained, its generalization performance is assessed by making predictions
on the test set, which acts as a proxy for real-world unseen data. The predicted class labels
are then compared to the ground truth labels to compute key performance metrics such as
accuracy, precision, recall, and F1-score [104].

IV. Assessing Generalization Ability:

The final step is evaluating the model's ability to generalize beyond the training data. The
model’s error rate on the test set provides an estimate of its expected performance on new
data. However, the single-split nature of hold-out validation can lead to unreliable
performance estimates when datasets are small [103].

The Hold-Out Method is preferable in scenarios where:

I. A large dataset is available, allowing for an adequately sized test set while
maintaining sufficient training data.

II. The computational budget is limited, and cross-validation methods (which require
multiple training cycles) are impractical [103].

III. The focus is on obtaining a quick performance estimate rather than a highly precise
measure of model generalization [104].

2.2.2 k-fold cross-validation

k-fold cross-validation is one of the most widely used techniques for evaluating and selecting
ML models. The core idea behind cross-validation is to ensure that each data point in the
dataset is used for both training and validation. In k-fold cross-validation, the dataset is
partitioned into k equal subsets. During each of the k iterations, one subset serves as the
validation set, while the remaining k - 1 subsets are used for training the model. This process
is repeated k times, with each subset used exactly once as the validation set [103].

In this method, a learning algorithm with fixed hyperparameters is applied to train models
on the training partitions in every iteration. Each fold takes a turn as the validation set, and
performance metrics are recorded. After completing all k rounds, the evaluation scores are
averaged to estimate the model’s general performance. To determine the best set of
hyperparameters, the average performance across all folds is computed for each
configuration, and the one with the highest average is selected [103].

Assume the dataset presented in the equation [105] for K-folds cross validation.

D = {(x1,y1), (x2,¥2), (x3,¥3), oo, (X, Y1)}

In this equation, x represents the characteristics, and y reflects each observation's outcome
label. from 1 to n, iterations are carried out.

With this method, the k-folds CV error is illustrated in the following equation [105],:
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The distinction between the "two-way" holdout approach and k-fold cross validation is that
k-fold cross-validation uses every data point for both training and testing. This strategy aims
to minimize pessimistic bias through the use of a larger training set instead of a big
percentage of the dataset for testing[104]

For example, when k= 5 we have 5 folds cross-validation divides the dataset into five
separate subsets. This strategy involves training and validating the model several times
across iterations. Each iteration uses the remaining four folds to train the model, with one
chosen as the validation set. The model's performance is tested against the newly trained
model. This approach validates models by using each fold only once. Five iterations are used
to calculate the average model performance. In practical applications, k = 5 is frequently
chosen since it is computationally less costly than higher values of k. However, if k is too
little, the model may be more sensitive to the way the data was split, adding to the variance
of the estimate and increasing the pessimistic bias of the performance estimate (because there
is less training data available for model fitting) [104].

2.2.3 Leave-One-Out Cross-Validation (LOOCYV):

LOOCYV is a type of cross-validation that uses k, where k is the number of samples in the
dataset. The model is trained using the remaining dataset in each cycle, with one sample kept
aside for validation [101].

Assume for this method that we have the dataset D [105], where:

D = {(x1,y1), (x2,¥2), (x3,¥3), eve, (X, Yn) }

This strategy denotes the features with x; and the outcome with y;; for each observation i.
The process iterates from 1 to n. training the model on N-1 number of observations,
observations while leaving one out.

The outcome of each validation step is used to calculate the prediction error, typically with
a predefined loss function such as Mean Squared Error (MSE) [105] Although LOOCV
provides a nearly unbiased estimate of model performance, it is computationally intensive,
especially for large datasets. However, it is particularly beneficial when working with small
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datasets, where setting aside a validation subset would significantly reduce the amount of
training data available.

2.2.4 Repeated K-Fold Cross-Validation

It is a more reliable method than regular K-Fold. It involves repeating the K-Fold procedure
several times using various random partitions. This lowers variance and improves model
stability, but it also raises computing costs [105]

2.2.5 Stratified Cross-Validation

A more intricate kind of cross-validation is called stratified cross-validation. Class-
unbalanced datasets benefit greatly from stratified cross-validation. This guarantees that
every fold preserves the class distribution of the original dataset, producing more accurate
performance estimates, especially for classification tasks. There are classes in this kind of
dataset [106]

These are dispersed equally over n folds, reflecting the class distribution for each fold in the
original dataset. Classes may be unequally distributed in K-fold cross-validation, with certain
folds having more examples than others. [101]

The k-fold stratified To ensure that each fold has (almost) the same percentage of samples
from minority and majority classes as the total set, cross-validation splits the data set into k
folds. The remaining folds are utilized for training, and one is selected for the test. The
following steps of the process are the same as those for other cross-validation techniques
[107].

Advantages of Stratified Cross-Validation

I.  Managing Unbalanced Datasets: Because certain classes are significantly less
frequent than others, typical k-fold cross-validation may provide folds that are not
reflective of the distribution as a whole in imbalanced datasets. As a result,
performance metrics could lose their credibility. Using stratification guarantees that
each fold's course distribution matches the original dataset's [107].

II.  Better Assessment of Model Performance: Because stratified k-fold cross-validation
maintains the class distribution in each fold, it is possible to evaluate model
performance more precisely, especially for metrics that are sensitive to class
imbalance, such accuracy, recall, and F1-score [107].

III.  Result Reliability: Stratification makes sure that performance evaluations don't
become noticeably variable due to random fold sampling. This improves the model
evaluation's consistency and dependability while reducing variability [107].
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2.3 Bias-Variance Trade-off in Model Evaluation

A key idea in ML that controls model performance and generalization capacity is the bias-
variance trade-off. The term "bias" describes the inaccuracy that results from oversimplifying
the issue, which causes systemic errors in identifying the underlying patterns in the data. On
the other hand, variance indicates a model's propensity to overfit by quantifying how
sensitive it is to changes in the training data. There is an inherent tension between these two
error sources: Variance frequently rises when bias is reduced, and vice versa [108]

Choosing the right ML model requires an understanding of this trade-off. While models with
high variance become unduly sensitive to small changes in the training data (overfitting),
models with high bias are unable to reflect the complexity of the data (underfitting). To get
the best generalization performance on unseen data, the ideal model minimizes both bias and
variance [108].

Mathematical Formulation of the Bias-Variance Trade-off

Bias, variance, and irreducible error are the three main components that make up the Mean
Squared Error (MSE), which is frequently used to quantify the overall error of an ML model.
This connection can be expressed mathematically as [108]:

MSE = Bias® + Variance + IrreducibleError
where:

i.  Bias: quantifies how much the expected model predictions deviate from the true

function.

ii.  Variance: quantifies the degree of variation in predictions across training
datasets.

iii.  Irreducible Error: represents inherent noise in the data that no model can fully
eliminate.

A more detailed representation of bias squared is:

Bias® = (E[f(x)] - f(x))z

where E [ f (x)] is the expected prediction from the model across different training datasets,
andf (x) is the true underlying function[108].

Variance is computed as:

Variance = E [(f(x) - E[f(x)])z]
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These equations highlight that bias shows the degree to which the model's expected
prediction differs from the actual function, whereas variance shows how much predictions
change as a result of changes in the training data.

2.3.1 Bias-Variance Trade-off and Its Impact on Model Performance

Figure 1 illustrates how the Mean Squared Error (MSE) is influenced by the interaction
between bias? and variance as model complexity increases. As the complexity of a model
grows, it undergoes significant changes in its bias and variance components, directly
affecting its generalization performance. Understanding this trade-off is crucial for selecting
models that achieve optimal predictive accuracy without overfitting or underfitting.

At the initial phase of the graph, where model complexity is low, The model's simplicity
prevents it from identifying the underlying patterns in the data. This scenario is often seen
when applying a basic linear regression model to a highly nonlinear dataset. Due to its
simplicity, the model exhibits high bias, meaning it makes strong assumptions about the data,
causing its predictions to be systematically inaccurate. As a result, the model underfits the
data, failing to learn the true relationships. The red curve in Figure 1 represents bias?, which
decreases as model complexity increases. This indicates that as the model becomes more
flexible, it can better adapt to the training data, thereby reducing bias.

However, increasing model complexity does not always lead to better performance. As the
model grows more complex, it starts capturing not only the underlying patterns in the training
data but also the random noise present in the dataset. This results in higher variance, meaning
the model becomes highly sensitive to small fluctuations in the training data, leading to
instability in its predictions when applied to unseen data. The blue curve in Figure 1,
representing variance, demonstrates an upward trend as model complexity increases,
showing that highly complex models tend to overfit the training data.

The total error, represented by the black curve, forms a U-shape, illustrating the trade-off
between variance and bias. Initially, when the model is too simple, high bias dominates the
total error. As model complexity increases, bias decreases, but variance starts contributing
more to the total error. The optimal model complexity is found at the minimum point of the
U-curve, where bias and variance are optimally balanced. At this point, the model generalizes
well to new data, minimizing overall prediction error.

This trade-off can be further understood through different modeling scenarios[108]:

I. High Bias, Low Variance (Underfitting): Models with high bias make strong
assumptions about the data and fail to capture its complexity. An example is linear
regression applied to a highly nonlinear dataset. These models exhibit poor
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performance on both training and test data due to their inability to learn from the
dataset properly.

II. Low Bias, High Variance (Overfitting): Highly sophisticated models with a lot of
variance are overly sensitive to training data noise. Examples include deep decision
trees and high-degree polynomial regressions. These models fit training data very
well but fail to generalize to unseen data, leading to poor test performance.

II1. Optimal Trade-off: The best models lie in the middle of the U-curve, where bias? and
variance are balanced, leading to minimal generalization error. At this optimal
complexity, the model captures meaningful patterns in the data without being
excessively sensitive to noise.

Figure 2.1 highlights why selecting an appropriate model complexity is critical in ML. It
underscores the importance of regularization, cross-validation, and ensemble learning
techniques to achieve a balance between bias and variance. These approaches help ensure
that models generalize well to unseen data by reducing variance without introducing
excessive bias.

Bias-Variance Trade-off
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Figure 2.1 The impact of model complexity on bias, variance, and total error.

2.3.2 Bias-Variance Trade-off in Different Machine Learning Models

Empirical studies have analyzed the bias-variance decomposition across multiple algorithms.
Some key findings include[108]:

e Linear Regression: Typically exhibits high bias but low variance, making it
unsuitable for capturing complex patterns.
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e Decision Trees: Prone to high variance, especially when deep trees are used without
regularization.

e Random Forests: Reduce variance by averaging predictions from multiple decision
trees, striking a better trade-off.

e Gradient Boosting (e.g., XGBoost): Reduces bias iteratively by correcting errors in
weak learners, often leading to better overall performance

2.3.3 Strategies to Balance Bias and Variance

Several techniques can be used to address the bias-variance trade-off [108]:

I. Regularization: By regulating model complexity, techniques such as Lasso (L1) and
Ridge (L2) regression add penalty terms to the loss function in order to avoid
overfitting.

II. Cross-validation: Methods like k-fold cross-validation, which lower the risk of
overfitting, offer more accurate estimates of test error.

II1. Ensemble Learning: Methods like Bagging (Random Forest) and Boosting
(XGBoost, AdaBoost) combine multiple weak learners to achieve a better bias-
variance balancetrade off.

IV. Feature Selection and Dimensionality Reduction: Eliminating irrelevant features or
applying techniques like PCA reduces variance and prevents overfitting

2.4 Evaluation of Machine Learning Performance

The evaluation of ML models is a critical step in ensuring their reliability, robustness, and
generalizability. Choosing the right performance measures is essential since it has a direct
impact on how models are compared and understood. Based on the type of ML task, whether
classification or regression, different evaluation metrics are required to measure the model’s
predictive ability. This section provides a comprehensive discussion on various evaluation
metrics, highlighting their mathematical formulations, advantages, limitations, and real-
world implications[109]

2.4.1 Classification Model Evaluation Metrics

Evaluating classification models requires a range of metrics that go beyond simple accuracy.
These metrics aid in evaluating various performance-related factors, such as the ability to
correctly classify minority and majority classes, handle imbalanced datasets, and provide
meaningful insights into model reliability.

Confusion Matrix: Foundation of Classification Metrics

One essential technique for assessing classification models is a confusion matrix. It
comprises four key elements and summarizes how the model's predictions and actual
results compare:
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True Positives (TP): Positive cases that were accurately predicted.

True Negatives (TN): Negative occurrences that were accurately predicted.
False Positives (FP): Instances wrongly classified as positive.

False Negatives (FN): Instances incorrectly identified as negative.

The confusion matrix provides a more comprehensive evaluation of model performance
compared to a single metric such as accuracy. It serves as the foundation for deriving several
classification metrics, including precision, recall, F1-score, specificity, and MCC[110]

Accuracy

Accuracy is a widely used metric for assessing classification models, representing the ratio
of correctly predicted instances to the total number of observations. Mathematically, it is
defined as [110]:

TP+ TN
TP+TN+ FP+FN

Accuracy =

Although accuracy is a simple and widely used evaluation metric, it has notable limitations,
especially when applied to imbalanced datasets [111]. It does not consider the class
imbalance, allowing a model to attain high accuracy by consistently predicting the majority
class while entirely overlooking the minority class [112]. This is particularly problematic in
medical diagnosis scenarios, such as cancer detection, where disease prevalence is low. A
model that labels all patients as “healthy” could still yield high accuracy yet be clinically
ineffective by failing to identify true disease cases[113]. For instance, if only 1% of patients
have a disease and the model classifies all individuals as "no disease" it would still yield 99%
accuracy despite failing to identify any true cases [109]. Moreover, accuracy alone does not
reflect the trade-offs between false negatives and false positives, which can have very
different consequences. In applications like fraud detection or medical screening, metrics
such as recall, precision, or the F1-score are often more appropriate, as they provide deeper
insight into a model’s performance under such critical conditions [114], [110].

Balanced Accuracy

To mitigate the problem of imbalanced data, Balanced Accuracy is often used. This metric
accounts for class imbalance by averaging the recall of each class, ensuring that both majority
and minority classes contribute equally to the evaluation [113] It is defined as:

Sensitivity + Specificity
2

Balanced Accuracy =
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where sensitivity (recall) measures how well the model identifies positive cases, and
specificity measures how well it identifies negative cases[115].

Precision, Recall, and F1-Score

Precision, recall, and F1-score are fundamental evaluation metrics in classification models,
especially when class distributions are imbalanced. While accuracy provides an overall
measure of correctness, it fails to distinguish between the costs of false positives and false
negatives. Precision and recall offer more nuanced insights into model performance[113]

Precision measures the proportion of correctly predicted positive cases among all cases
classified as positive:

TP

P .. __
TCi1S10n TP + FP

Precision is crucial in applications where false positives have significant consequences, such
as spam detection, search engines, and medical testing[112]

While Recall evaluates the model’s ability to correctly identify all actual positive cases:

TP

Recall (Sensitivity) = TPTFN

A high recall is desirable in domains where missing a positive instance is costly, such as
cancer diagnosis and fraud detection[116]

Precision and recall often exhibit an inverse relationship. Increasing precision typically
lowers recall, as the model becomes more conservative in predicting positive cases, while
increasing recall tends to lower precision by making the model more permissive, leading to
more false positives. For example, in search engines, a high-precision model retrieves only
the most relevant results but may miss useful content, whereas a high-recall model retrieves
a larger set of results, including many irrelevant ones[116]. To effectively manage this trade-
off, it is crucial to find a balance between precision and recall, ensuring optimal performance
based on the specific application needs.

F1-score is the harmonic mean of precision and recall, balancing both metrics:

Precision X Recall
F1 = 2 X

Precision + Recall

Fl-score is particularly useful in imbalanced datasets, where both false positives and false
negatives are costly [113]
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Precision, recall, and F1-score are applied across various domains depending on the nature
of classification errors that must be minimized. In precision-oriented applications, such as
spam filtering, minimizing false positives is crucial to prevent misclassification of legitimate
emails[116]. Similarly, in search engines, high precision ensures that retrieved documents
are relevant, improving user experience and reducing irrelevant content[116]

On the other hand, recall-oriented applications prioritize detecting all relevant instances,
even at the cost of some false positives. In medical diagnosis, particularly for diseases like
cancer, maximizing recall ensures that no true positive cases go undetected, potentially
saving lives [109]. Similarly, in fraud detection, a high recall rate is essential to capture as
many fraudulent transactions as possible, even if it results in some false positives [113]

For applications where both precision and recall are equally important, the F1-score is a more
balanced metric. In text classification, achieving a balance between precision and recall
ensures accurate sentiment or topic classification[109]. Likewise, in cybersecurity,
maintaining an optimal Fl-score helps identify security threats while minimizing false
alarms [116].

The selection of the most appropriate metric depends on the cost implications of
classification errors. When false positives carry significant consequences, such as in legal or
financial applications, precision should be optimized. Conversely, when false negatives have
a greater impact, such as in medical screening or fraud detection, recall should be prioritized.
For tasks requiring an optimal trade-off between precision and recall, particularly in domains
with imbalanced datasets, F1-score provides a more balanced assessment [113]

Specificity

Specificity, also known as the True Negative Rate, measures the proportion of correctly
identified negative cases:

TN

Specificity = m

Specificity is particularly useful in situations where false positives need to be minimized. For
example, in medical testing, a high specificity ensures that healthy individuals are not
wrongly diagnosed with a disease, reducing unnecessary stress and treatment[116]

Matthews Correlation Coefficient (MCC)

provides a balanced measure even in imbalanced datasets:

TP X TN — FP X FN
J(TP + FP)(TP + FN)(TN + FP)(TN + FN)

MCC =
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MCC values range from -1 (completely incorrect classification) to 1 (perfect classification).
It is preferred in cases where class imbalance is severe, providing a more holistic
performance measure[109]

ROC-AUC and Precision-Recall Curve

ROC-AUC measures the classifier’s ability to distinguish between classes:
1
AUC = j TPR(FPR) d(FPR)
0

AUC values closer to 1 indicate better classification performance. The Precision-Recall (PR)
curve is more informative for imbalanced datasets, where Precision is plotted against Recall.
A high AUC-PR score is more indicative of effective classification than AUC-ROC when
dealing with skewed class distributions[109]

2.4.2 Performance Metrics for Regression Models

Regression models predict continuous values, and their performance is evaluated using
various error metrics.

Mean Absolute Error (MAE)

MAE is the average absolute difference between predicted and actual values:
n
MAE = > > lyi- 3l
- "y . Vi =W
i=

MAE provides a direct interpretation of prediction errors in the same unit as the output
variable, making it easily interpretable but less sensitive to outliers[109].

Mean Squared Error (MSE) and Root Mean Squared Error (RMSE)

MSE penalizes larger errors by squaring the differences:

n
1
MSE == (= 5)?
i=1

RMSE takes the square root of MSE to return an error measure in the same unit as the
dependent variable:
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RMSE = VMSE

RMSE is sensitive to large errors, making it useful in applications where outliers significantly
impact predictions, such as in real estate price forecasting[109].

Coefficient of Determination (R* Score)

R? measures the proportion of variance explained by the model:

G-

2vi—¥)?
Higher R? values indicate better model fit, but it can be misleading if the dataset contains
non-linear relationships that are not well captured by the model[109].

R?=1
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3. Statistical Modeling of Colorectal Cancer Outcomes: Cancer

Status, Recurrence, and Vital Status

3.1 Background

CRC is a complex and heterogeneous disease shaped by a range of clinical, demographic,
and treatment-related factors. Accurately predicting key CRC outcomes—such as
recurrence, current cancer status, and overall survival—is essential for guiding treatment
decisions, informing follow-up strategies, and ultimately improving patient outcomes. In
recent years, the application of multivariate statistical models has provided powerful tools
for understanding disease trajectories and tailoring care to individual patients. This chapter
presents the methodology and results of a comprehensive retrospective cohort study
conducted at King Fahd Specialist Hospital in Dammam, Saudi Arabia, which aimed to
predict critical CRC outcomes using both logistic regression (LR) and Cox proportional
hazards models. By leveraging a well-structured and clinically rich dataset, this study
contributes new insights into the prediction and management of CRC in a regional healthcare
setting.

The main objective of this chapter is to develop and validate multivariate models that can
accurately predict three clinically significant CRC outcomes: cancer status at last follow-up
(classified as No Evidence of Disease vs. Evidence of Disease), recurrence within a six-year
follow-up period, and overall survival (based on vital status: alive vs. deceased). These
outcomes were selected for their central importance in cancer prognosis and patient
management. LR models were used for binary classification of cancer status and recurrence,
while Cox proportional hazards models were employed for time-to-event analysis of survival
and recurrence-free intervals. Each model was carefully constructed and evaluated using
relevant statistical performance metrics—specifically, the AUC for logistic models and
Harrell’s concordance index (C-index) for survival models. Through this approach, the study
aims to identify key predictors that can enhance risk stratification and inform evidence-based
care strategies for CRC patients in Saudi Arabia.

The chapter begins with a description of the study design, including participant selection
criteria, cohort characteristics, definitions of outcome and predictor variables, and the
statistical techniques used throughout the analysis. This is followed by a presentation of the
results, which include descriptive statistics of the patient population, as well as findings from
multivariate LR and Cox regression models tailored to each outcome of interest. Finally, the
chapter concludes with a discussion that interprets the key findings, assesses model
performance and generalizability, considers clinical implications, addresses study
limitations, and offers recommendations for future research
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3.2 Methods

3.2.1 Study Design and Participants

We conducted a retrospective cohort study of patients diagnosed with CRC at the King Fahd
Specialist Hospital in Dammam between June 2017 and September 2024. Of the initial
dataset of 1,322 patient records, 8 were excluded owing to missing values, resulting in a total
of 1,314 eligible patients for analysis.

The patients were randomly partitioned into two cohorts: training cohort (n=1,052; 80%) for
model development and testing cohort (n=262; 20%). This random allocation was
implemented to mitigate potential biases and to ensure that both cohorts effectively represent
a broader dataset.

Ethical approval for this study was obtained from the hospital’s Institutional Review Board
(IRB) on 03 December 2024, under reference number EXT0447. The study protocol,
emphasizing strict adherence to ethical guidelines with paramount importance given to
participants’ well-being and privacy, was rigorously reviewed and approved by the IRB. All
procedures were performed in compliance with the relevant institutional guidelines.

3.2.2 Outcome Variables

The primary outcomes of interest in this study are:

Cancer status: is a binary variable indicating whether the patient currently has active cancer
at the time of last evaluation. It is classified based on medical records, diagnostic imaging,
and laboratory results as either No Evidence of Disease (NED) or Evidence of Disease
(EOD). NED indicates the absence of detectable cancer and is a key marker of treatment
success in CRC. EOD reflects the presence of active cancer, used to monitor disease
progression and treatment response in clinical studies, especially in assessments of disease-
free and overall survival [117].

Recurrence: one of the primary outcomes of this study is CRC recurrence within a 6-year
period. Recurrence is defined as any documented return of cancer after the patient had been
treated. It is a critical metric in CRC prognosis, as it significantly impacts patient survival
and informs subsequent treatment strategies. This outcome is a binary variable, categorized
as 'Yes' for observed recurrence and No' for no recurrence during the follow-up period.
[118], [119], [120].

Vital Status: Determined by patient survival status, categorized as "Alive" or "Dead". This
outcome is fundamental for survival analysis and assessing the long-term impact of CRC
treatments[121].

49



Table 3.1: Distribution of the Three Primary Outcome Variables

Outcome Frequency Proportion (%)

Cancer status

No Evidence of Disease (NED) 464 353
Evidence of Disease (EOD) 850 64.7
Recurrence

No recurrence 1242 94.5
Recurrence 72 5.5

Vital Status
Alive 927 70.6

Dead 387 29.5

3.2.3 Predictor Variables

This study evaluated a comprehensive set of independent variables that may influence the
three CRC outcomes: recurrence, cancer status, and survival. These variables were selected
based on their clinical relevance, data availability, and established importance in prior CRC
studies. They are grouped into four primary categories: demographic characteristics, tumor

pathology and staging, treatment modalities, and follow-up and evaluation metrics.
I. Demographic Variables include age at diagnosis, sex, and marital status.

i. Age is a continuous demographic variable that indicates the precise age of the
patient upon diagnosis. It significantly affects the prognosis and response to
treatment of CRC. According to earlier research [122], younger patients
frequently have more advanced disease stages and a higher chance of
recurrence. Despite this, their overall survival is often comparable to or better
than older patients, emphasizing the complexity of age-related disease

trajectories [122].
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ii.

iii.

II.

ii.

Sex is classified as male or female and has been shown to influence survival,

with some studies reporting better outcomes in females [123].

Marital status is classified into five categories: divorced, married, single,
widowed, and unknown. This variable captures the patient’s relationship
status at diagnosis. Previous studies have shown that married patients,
particularly married women, tend to have better survival rates [124]. This
association is often attributed to stronger social support, earlier diagnosis, and
greater adherence to treatment among this group. These findings highlight the
importance of incorporating marital status into predictive modeling of CRC

outcomes.

Tumor Pathology and Staging includes variables related to tumor biology

and disease extent.

Stage at Diagnosis is categorized as localized and in-situ, regional, distant,
or unknown, reflecting disease spread at presentation. This summary stage is
widely used due to its prognostic significance. Previous literature [125] has
demonstrated that summary stage is one of the strongest predictors of CRC
outcomes. For example, studies [125] have shown that patients diagnosed at
the distant stage face a significantly elevated risk of mortality compared to
those with localized disease, highlighting its critical value in outcome

modeling.

Primary Tumor Site is categorized into colon, rectum, rectosigmoid
junction, and appendix. Each site has distinct clinical implications. Previous
studies have demonstrated that rectal tumors, for example, are associated with
different survival patterns compared to colon tumors[126], [127]. Although
the appendix is anatomically part of the gastrointestinal tract, it is often
included within the broader CRC category in research and clinical guidelines
due to shared clinical features and surveillance practices. Previous Studies

[128], [129]support this inclusion by jointly addressing staging and referring
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iii.

iv.

I11.

IVv.

to appendiceal tumors as CRC subtypes. Thus, grouping the appendix with
other CRC sites aligns with established research practices and ensures

consistency in data analysis.

Histology, based on ICD-O-3 coding[130], includes adenocarcinoma NOS,
mucinous adenocarcinoma, neuroendocrine and carcinoid tumors, other
adenocarcinoma subtypes, and other specified or unspecified types.
Adenocarcinoma NOS is the most prevalent subtype and is typically used as
the reference group in analysis due to its frequency. It represents the
conventional gland-forming adenocarcinoma that lacks distinctive features of
other specific subtypes. Literature consistently identifies this subtype as
accounting for the vast majority of CRC cases [131], Its high prevalence and
clinical heterogeneity make it a benchmark for comparison in both clinical
and research settings. Literature indicates that mucinous adenocarcinoma is
frequently linked to more aggressive behavior and poorer response to
standard chemotherapy [132], [133]. Neuroendocrine tumors, although rare,
are clinically important due to their distinct biological profile and varying
survival trajectories depending on grade and stage [13].

Regional Lymph Node Involvement is categorized as regional nodes
positive, regional nodes negative, or no nodes examined. This variable serves
as a key clinical staging element. Studies [134] have consistently confirmed
its importance, showing that patients with node-positive disease have
significantly poorer survival compared to node-negative cases, thereby
reinforcing its predictive value in survival and recurrence analyses.

Treatment Modalities Received include surgical intervention,
chemotherapy, radiotherapy, immunotherapy, and palliative care. Each of
these variables is binary, indicating whether or not a patient received the
treatment. These indicators support the evaluation of treatment effects on
CRC outcomes [121]. The coding structure enables straightforward
incorporation into regression models and aligns with conventions used in
CRC literature [135] and large registry databases.

Follow-Up and Time-to-Event Variables consist of date-based metrics
essential for time-to-event analyses. These include the date of recurrence, last
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recorded cancer status, and last contact or death. Time-to-event outcomes for
the Cox regression analysis are calculated as follows:

1. Cancer status time is calculated from the date of diagnosis to the last recorded
status.

il. Recurrence time is computed from the date of surgery to the date of recurrence.

1il. Vital status time is measured from the date of diagnosis to the last contact or
death.

These definitions follow standard practices in survival analysis, allowing for meaningful
interpretation of longitudinal data.

By comprehensively incorporating these well-structured predictors, This study seeks to
determine the most relevant factors influencing CRC recurrence, cancer status, and survival
in the Saudi population. This approach supports personalized care strategies and enhances
evidence-based clinical decision-making.

3.2.4 Inclusion and Exclusion Criteria

Patients diagnosed with CRC and treated at King Fahd Specialist Hospital in Dammam
between June 2008 and September 2024 were incorporated into this investigation. Eligible
patients had confirmed diagnosis and available clinical data on key outcomes including
cancer status, recurrence, and vital status.

Patients were not included if they had incomplete clinical documentation, missing critical
time-to-event information, or concurrent medical conditions that could confound CRC
outcomes, such as other primary cancers or severe systemic diseases. This ensured that the
study outcomes were attributable specifically to CRC and not influenced by unrelated
comorbidities.

3.2.5 Statistical Analysis

Frequencies and percentages were used to summarize categorical variables. Age, the only
continuous variable in the dataset, was described using mean, median, and corresponding
ranges. Group differences between cancer status (NED) vs. (EOD), recurrence, and overall
survival (vital status) were assessed using the chi-square test for categorical variables, or
Fisher’s exact test when expected cell counts were less than 5. For comparisons of age
between outcome groups, the independent samples #-test was applied, supported by the large
sample size and approximate normality assumption. A p-value of less than 0.05 was
considered statistically significant.

To evaluate predictors of recurrence, cancer status, and survival, multivariable logistic
regression models were constructed for each binary outcome. All categorical predictors were
converted to factors, and treatment-related variables (surgery, chemotherapy, radiation,
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immunotherapy, and palliative care) were encoded as binary indicators. Reference levels for
categorical variables were defined based on conventions commonly adopted in CRC
literature[121], [124], [135], facilitating comparability with previous studies. For example,
'married’ was used as the reference for marital status, and 'colon' for primary site.
Multicollinearity was assessed using Variance Inflation Factor (VIF), and since no
significant multicollinearity was observed, regularized regression models (e.g., Lasso or
Ridge) were not applied.

The full dataset (N = 1,314) was randomly divided into a training cohort (80%, n = 1,052)
and a testing cohort (20%, n = 262). This 80/20 split was selected to ensure an adequate
volume of data for model training while preserving a separate subset for evaluating model
performance on unseen data, thereby enhancing predictive accuracy and generalizability.
Sequential backward feature selection (SBFS) using the Akaike Information Criterion (AIC)
was employed on the training set to identify the most parsimonious subset of predictors that
fit the optimized model.

For time-to-event analysis of recurrence and overall survival, multivariable Cox proportional
hazards models were fitted. Recurrence time was defined as the number of days from surgery
to first documented recurrence, while survival time was measured from diagnosis to death or
last contact, Cancer status time was calculated as the number of days from the date of
diagnosis to the date of the last recorded cancer status. Final models for all three outcomes
were chosen using backward stepwise selection based on the AIC applied to the training set.

Predictive performance was thoroughly assessed for both Cox proportional hazards and LR
models across all three outcomes: vital status, recurrence status, and cancer status. For the
Cox models, model discrimination was evaluated using Harrell’s concordance index (C-
index) with 95% confidence intervals, computed on both training and test datasets.
Additionally, recurrence-free survival curves were generated by comparing the actual
Kaplan—Meier survival estimates from the training set with the predicted survival
probabilities from the test set, using representative patient profiles. This allowed for a visual
inspection of calibration between observed and predicted survival trends.

For the LR models, predictive accuracy was evaluated using the AUC along with its 95%
confidence intervals. ROC curves were plotted for both training and test sets across all three
outcomes. These evaluations enabled consistent and comparative assessment of model
performance between development and validation cohorts.

All statistical analyses were conducted using R (version 4.4.2). Key packages included dplyr,
readxl, and stringr for data handling; caret, MASS, and car for model development and
feature selection; survival and survminer for survival analysis; and pROC and PRROC for
model evaluation. The writex] package was used to export results.
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Table 3.2: Description of the variables in the dataset.

Variable Definition Value
Gender Refers to Patient Gender

Male 715 (54.4%)
Female 599 (45.6%)

Marital status

Refers to Marital Status at Diagnosis

No Nodes Examined
Regional Nodes Negative

Regional Nodes Positive

Divorced 24 (1.8%)
Married 1080 (82.2%)
Single 104 (7.9%)
Widowed 37 (2.8%)
Unknown 69 (5.3%)
Status of regional lymph nodes, based
on surgical removal, biopsy, or medical
records — includes both examined and
Regional Lymph Node unexamined nodes, and whether any
Involvement were found positive.

469 (35.7%)
432 (32.9%)

413 (31.4%)

Stage at Diagnosis
Distant

Localized and In-Situ
Regional

Unknown

Refers to to a system used to describe
the extent of cancer spread from its

point of origin.

427 (32.5%)
207 (15.8%)
674 (51.3%)

6(0.5)
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Primary Tumor Site
Colon

Rectosigmoid
Rectum

Appendix

Refers to the anatomical location of
the primary tumor.

723 (55.0%)
178 (13.6%)
389 (29.6%)

24 (1.8%)

Histology — Behavior

Refers to the classification of tumors
based on their microscopic
composition and their biological
behavior

Adenocarcinoma NOS 1180 (89.8%)

Mucinous Adenocarcinoma 62 (4.7%)

Neuroendocrine & Carcinoid

Tumors 27 (2.1%)

Other Adenocarcinoma Subtypes 26 (2.0%)

Others 19 (1.5%)
Refers to Age at Diagnosis in years at

Age the time of disease diagnosis

Median 56

Mean 55.8

Range 9-100
This specifies whether the patient

Surgery received surgical treatment.

No 376 (28.6%)

Yes 938 (71.4%)
This checks whether the patient

Radiation received radiation treatment.

No 1093 (83.2%)
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Yes 221 (16.8%)
This determines whether
Chemotherapy the patient has had chemotherapy.
No 359 (27.3%)
Yes 955 (72.7%)
This determines if the patient
Immunotherapy has had immunotherapy or not.
No 1276 (97.1%)
Yes 38 (2.9%)
Palliative Palliative care focuses on enhancing
quality of life by alleviating symptoms
such as pain or obstruction, particularly
in advanced or metastatic cancer cases.
This variable indicates whether the
patient received palliative care or not.
No 1208 (91.9%)
Yes 106 (8.1%)
3.3 Result

3.3.1 Descriptive Characteristics of the Cohort

The study cohort comprised 1,314 patients diagnosed with CRC. Table 3.1 summarizes the

distribution of the three primary outcomes of interest. At the end of follow-up, 29.5% of

patients had died (n = 387), while 70.6% were alive (n = 927). Regarding cancer status,
64.7% (n = 850) had evidence of disease (EOD), whereas 35.3% (n = 464) were classified

as having no evidence of disease (NED). Recurrence was documented in 5.5% of the cohort

(n = 72), with the remaining 94.5% (n = 1,242) exhibiting no recurrence.

We next examined baseline characteristics stratified by each of the three key clinical

outcomes: cancer status, recurrence, and vital status.
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I.  Patient Characteristics by Cancer Status

Among the 1,314 CRC patients, 464 (35.3%) were classified as having No Evidence of
Disease (NED), while 850 (64.7%) were recognized as having Evidence of Disease (EOD)
at their most recent follow-up. Table 3.3 presents the distribution of demographic and clinical
profile across these two cancer status categories and highlights the significant differences

observed.

Patients with EOD had a significantly higher mean age (56.6 years) in contrast to those in
the NED group (54.4 years) (p = 0.0053). Gender distribution was similar between the
groups, with males comprising slightly more than half in both NED (53.9%) and EOD
(54.7%) categories (p = 0.8184). Likewise, marital status distributions were not significantly
different (p = 0.9599), with married individuals forming the predominant group in both

cancer status categories.

Regarding clinical variables, lymph node involvement was significantly related to cancer
status (p < 0.001). Notably, nearly half (48.4%) of EOD patients had no lymph nodes
examined, compared to only 12.5% of NED patients. Conversely, regional node-negative
findings more commonly observed in the NED group (53.9%) than the EOD group (21.4%),

while regional node-positive status was relatively similar.

Stage at diagnosis also differed markedly between the groups (p < 0.001). The majority of
NED patients were diagnosed at the regional stage (67.0%), whereas the EOD group had a
substantially higher proportion of distant stage cases (46.7%) and a lower proportion of

localized stage cases
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Table 3.3: Comparison of patients’ characteristics between the No Evidence of Disease (NED) And Evidence of

Disease (EOD) cases
Predictors NED EOD Total P-value
Age 0.005331
Mean 54.42026 56.57765
(Range) (9—-288) (10-100)

Gender 0.8184
Male 250 (53.9%) 465 (54.7%) 715 (54.4%)

Female 214 (46.1%) 385(45.3%) 599 (45.6%)

Marital status 0.9599
Divorced 8 (1.7%) 16 (1.9%) 24 (1.8%)

Married 382 (82.3%) 698 (82.1%) 1080 (82.2%)

Single 34 (7.3%) 70 (8.2%) 104 (7.9%)

Widowed 14 (3.0%) 23 (2.7%) 37 (2.8%)

Unknown 26 (5.6%) 43 (5.1%) 69 (5.3%)

Regional Lymph Node 0
Involvement

No Nodes Examined 58 (12.5%) 411 (48.4%) 469 (35.7%)

Regional Nodes Negative 250 (53.9%) 182 (21.4%) 432 (32.9%)

Regional Nodes Positive 156 (33.6%) 257 (30.2%) 413 (31.4%)

Stage at Diagnosis 0.000
Distant 30 (6.5%) 397 (46.7%) 427 (32.5%)

Localized and In-Situ 123 (26.5%) 84 (9.9%) 207 (15.8%)

Regional 311 (67.0%) 363 (42.7%) 674 (51.3%)

Unknown 0 (0.0%) 6 (0.7%) 6 (0.5%)

Primary Tumor Site 0.0033
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Colon 272 (58.6%) 451 (53.1%) 723 (55.0%)
Rectosigmoid 73 (15.7%) 105 (12.4%) 178 (13.5%)

Rectum 109 (23.5%) 280 (32.9%) 389 (29.6%)
Appendix 10 (2.2%) 14 (1.6%) 24 (1.8%)

Histology Behavior 0.5144
Adenocarcinoma NOS 420 (90.5%) 760 (89.4%) 1180 (89.8%)
Mucinous Adenocarcinoma 22 (4.7%) 40 (4.7%) 62 (4.7%)
Neuroendocrine & Carcinoid Tumors 10 (2.2%) 17 (2.0%) 27 (2.1%)

Other Adenocarcinoma Subtypes 9 (1.9%) 17 (2.0%) 26 (2.0%)

Others 3 (0.6%) 16 (1.9%) 19 (1.4%)

Surgery 0.000
No 13 (2.8%) 363 (42.7%) 376 (28.6%)

Yes 451 (97.2%) 487 (57.3%) 938 (71.4%)
Radiation 0.077
No 374 (80.6%) 719 (84.6%) 1093 (83.2%)

Yes 90 (19.4%) 131 (15.4%) 221 (16.8%)
Chemotherapy 0.458
No 133 (28.7%) 226 (26.6%) 359 (27.3%)

Yes 331 (71.3%) 624 (73.4%) 955 (72.7%)
Immunotherapy 0.0172
No 458 (98.7%) 818 (96.2%) 1276 (97.1%)

Yes 6 (1.3%) 32 (3.8%) 38 (2.9%)

Palliative 0.000
No 462 (99.6%) 746 (87.8%) 1208 (91.9%)
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Yes 2 (0.4%) 104 (12.2%) 106 (8.1%)

(9.9%). The NED group had a significantly greater representation of localized and in-situ
diagnoses (26.5%) compared to EOD patients (9.9%).

The primary tumor site showed a significant relationship with cancer status (p = 0.0033).
Rectal tumors were more common among EOD cases (32.9%) compared to NED (23.5%),
while colon tumors were more frequent in the NED group (58.6%) than in EOD (53.1%)).
Appendix and rectosigmoid sites were relatively rare in both groups.

Although histologic subtype distributions were not significantly different (p = 0.5144),
Adenocarcinoma NOS remained the most common histological type in both groups, followed
by mucinous adenocarcinoma. More aggressive or rare histologies (e.g., “others™) were
slightly more frequent in the EOD group.

Surgical treatment exhibited a strong association with cancer status (p < 0.001), as nearly all
NED patients underwent surgery (97.2%) compared to just 57.3% of EOD patients.
Radiation therapy did not differ significantly between groups (p = 0.077), while
chemotherapy usage was consistent across NED (71.3%) and EOD (73.4%) groups (p =
0.458). Immunotherapy was significantly more common in the EOD group (3.8%) than in
the NED group (1.3%) (p = 0.0172).

Palliative care was notably more frequent in the EOD group, with 12.2% receiving such care,
compared to just 0.4% in the NED group (p < 0.001), highlighting its strong association with
ongoing disease burden and advanced clinical status.

II.  Patient Characteristics by Recurrence Status

Among the 1,314 CRC patients analyzed, 72 (5.5%) experienced recurrence during the
follow-up period, with a median recurrence time of 604 days (approximately 1.7 years). The
majority of recurrence events occurred within three years of treatment. Table 3.4 presents
the comparison of baseline characteristics between recurrent and non-recurrent patients.

Patients who developed recurrence were younger on average (mean age = 51.0 years) than
those without recurrence (mean age = 56.1 years), and this difference was statistically
significant (p = 0.001). No significant difference in sex distribution was observed between
the two groups (p = 0.2549), with males comprising slightly more than half of the cohort in
both recurrence and non-recurrence groups. regarding marital status, most patients in both
groups were married, and the distribution did not differ significantly (p = 0.823).
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Regarding clinical characteristics, a significant difference was observed in lymph node
involvement (p = 0.0009). Patients with recurrence were more likely to have positive lymph

nodes

Table 3.4: Comparison of patients’ characteristics between the recurrent and non-recurrent cases

Localized and In-Situ

197 (15.9%)

62

10 (13.9%)

207 (15.8%)

Predictors Non- Recurrence Total P-value
recurrence
Age 0.001
Mean 56.1 51.0
(Range) (9 — 100) (19 — 80)
Gender 0.2549
Male 681 (54.8%) 34 (47.2%) 715 (54.4%)
Female 561 (45.2%) 38(52.8%) 599 (45.6%)
Marital status 0.823
Divorced 23 (1.9%) 1 (1.4%) 24 (1.8%)
1017 (81.9%) 63 (87.5%) 1080
Married (82.2%)
Single 101 (8.1%) 3 (4.2%) 104 (7.9%)
Widowed 35 (2.8%) 2 (2.8%) 37 (2.8%)
Unknown 66 (5.3%) 3 (4.2%) 69 (5.3%)
Regional Lymph Node 0.0009
Involvement
No Nodes Examined 458 (36.9%) 11 (15.3%) 469 (35.7%)
Regional Nodes Negative 402 (32.4%) 30 (41.7%) 432 (32.9%)
Regional Nodes Positive 382 (30.8%) 31(43.1%) 413 (31.4%)
Stage at Diagnosis
Distant 418 (33.7%) 9 (12.5%) 427 (32.5%) 0.000




Regional 624 (50.2%) 50(69.4%) 674 (51.3%)
Unknown 3 (0.2%) 3 (4.2%) 6 (0.5%)
Primary Tumor Site 0.2217
Colon 676 (54.4%) 47 (65.3%) 723 (55.0%)
Rectosigmoid 168 (13.5%) 10(13.9%) 178 (13.5%)
Rectum 374 (30.1%)  15(20.8%) 389 (29.6%)
Appendix 24 (1.9%) 0 (0.0%) 24 (1.8%)
Histology Behavior 0.0836
1119 (90.1%) 61 (84.7%) 1180

Adenocarcinoma NOS (89.8%)
Mucinous Adenocarcinoma 55 (4.4%) 7(9.7%) 62 (4.7%)
Neuroendocrine & Carcinoid Tumors 27 (2.2%) 0 (0.0%) 27 (2.1%)
Other Adenocarcinoma Subtypes 23 (1.9%) 3 (4.2%) 26 (2.0%)
Others 18 (1.4%) 1 (1.4%) 19 (1.4%)
Surgery 0.000
No 374 (30.1%) 2 (2.8%) 376 (28.6%)
Yes 868 (69.9%)  70(97.2%) 938 (71.4%)
Radiation 0.3977
No 1030 (82.9%) 63 (87.5%) 1093

(83.2%)
Yes 212 (17.1%) 9 (12.5%) 221 (16.8%)
Chemotherapy 0.000
No 355 (28.6%) 4 (5.6%) 359 (27.3%)
Yes 887 (71.4%) 68 (94.4%) 955 (72.7%)
Immunotherapy 1
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No 1206 (97.1%) 70 (97.2%) 1276
(97.1%)
Yes 36 (2.9%) 2(2.8%)  38(2.9%)
Palliative 0.8909
No 1141 (91.9%) 67 (93.1%) 1208
(91.9%)
Yes 101 (8.1%) 5 (6.9%) 106 (8.1%)

(43.1%) compared to those without recurrence (30.8%). Additionally, the stage at diagnosis
exhibited a strong association with recurrence (p < 0.001). While regional stage was the most
common in both groups, it was notably more prevalent among those who recurred (69.4%
vs. 50.2%). Conversely, distant stage disease was less common in the recurrence group
(12.5%) than in non-recurrence cases (33.7%), potentially reflecting stage-based treatment
dynamics and follow-up intensity.

No statistically significant differences were detected with respect to primary tumor site (p =
0.222), though recurrence cases were slightly more concentrated in the colon. Histological
subtype showed a borderline association (p = 0.084), with a higher proportion of mucinous
adenocarcinomas observed in recurrence cases (9.7% vs. 4.4%). Notably, surgical treatment
was significantly more frequent among patients with recurrence (97.2% vs. 69.9%; p <
0.001), as was chemotherapy (94.4% vs. 71.4%; p < 0.001), possibly reflecting clinical
prioritization for aggressive treatment in patients at higher risk. Radiation therapy and
immunotherapy usage did not differ significantly between groups, nor did the use of
palliative care services.

Together, these findings highlight significant differences in age, lymph node status, disease
stage, and treatment patterns between recurrence and non-recurrence cases, offering insights
into clinical profiles that may be associated with elevated recurrence risk.

III.  Patient Characteristics by Vital Status

Of the total cohort of 1,314 CRC patients, 387 (29.5%) were deceased at last follow-up,
while 927 (70.5%) were alive. Table 3.5 outlines the baseline characteristics of these two
groups and highlights statistically significant differences across several clinical and
demographic variables.

The mean age of deceased patients was slightly higher (57.1 years) than that of those alive
(55.3 years), with this difference reaching statistical significance (p = 0.0328). Sex
distribution was comparable between the groups, with males representing the majority in
both categories (p = 0.5369). Marital status distributions were not significantly different (p
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= 0.1691), with married individuals comprising the largest group across both survival

outcomes.

Regarding clinical characteristics, a notable difference was observed in lymph node
evaluation and involvement (p < 0.001). Specifically, 64.6% of deceased patients had no
lymph nodes examined, compared to only 23.6% of living patients. Conversely, the living
group had a greater proportion of negative node findings (42.2% vs. 10.6%).

Table 3.5: Comparison of patients’ characteristics between two categories of Vital Status "Alive" and "Dead"

Cases
Predictors Dead Alive Total P-value
Age 0.03279
Mean 57.1 55.3
(Range) (19 — 95) (9 — 100)
Gender 0.5369
Male 205 (53%) 510 (55%) 715 (54.4%)
Female 182 (47%) 417 (45%) 599 (45.6%)
Marital status 0.1691
Divorced 9 (2.3%) 15 (1.6%) 24 (1.8%)
Married 324 (83.7%) 756 (81.6%) 1080 (82.2%)
Single 29 (7.5%) 75 (8.1%) 104 (7.9%)
Widowed 13 (3.4%) 24 (2.6%) 37 (2.8%)
Unknown 12 (3.1%) 57 (6.1%) 69 (5.3%)
Regional Lymph Node 0.000
Involvement
No Nodes Examined 250 (64.6%) 219 (23.6%) 469 (35.7%)
Regional Nodes Negative 41 (10.6%) 391 (42.2%) 432 (32.9%)
Regional Nodes Positive 96 (24.8%) 317 (34.2%) 413 (31.4%)
Stage at Diagnosis 0.000
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Distant 268 (69.3%) 159 (17.2%) 427 (32.5%)

Localized and In-Situ 18 (4.7%) 189 (20.4%) 207 (15.8%)

Regional 97 (25.1%) 577 (62.2%) 674 (51.3%)

Unknown 4 (1.0%) 2 (0.2%) 6 (0.5%)

Primary Tumor Site 0.0462
Colon 228 (58.9%) 495 (53.4%) 723 (55.0%)
Rectosigmoid 48 (12.4%) 130 (14.0%) 178 (13.5%)

Rectum 109 (28.2%) 280 (30.2%) 389 (29.6%)

Appendix 2 (0.5%) 22 (2.4%) 24 (1.8%)

Histology Behavior 0.0003
Adenocarcinoma NOS 330 (85.3%) 850(91.7%) 1180 (89.8%)
Mucinous Adenocarcinoma 24 (6.2%) 38 (4.1%) 62 (4.7%)
Neuroendocrine & Carcinoid Tumors 8 (2.1%) 19 (2.0%) 27 (2.1%)

Other Adenocarcinoma Subtypes 12 (3.1%) 14 (1.5%) 26 (2.0%)

Others 13 (3.4%) 6 (0.6%) 19 (1.4%)

Surgery 0.000
No 249 (64.3%) 127 (13.7%) 376 (28.6%)

Yes 138 (35.7%) 800 (86.3%) 938 (71.4%)

Radiation 0.0015
No 342 (88.4%) 751 (81%) 1093 (83.2%)

Yes 45 (11.6%) 176 (19%) 221 (16.8%)
Chemotherapy 0.867
No 104 (26.9%) 255 (27.5%) 359 (27.3%)

Yes 283 (73.1%) 672 (72.5%) 955 (72.7%)
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Immunotherapy 0.0552
No 370 (95.6%) 906 (97.7%) 1276 (97.1%)

Yes 17 (4.4%) 21 (2.3%) 38 (2.9%)

Palliative 0.000
No 305 (78.8%) 903 (97.4%) 1208 (91.9%)

Yes 82 (21.2%) 24 (2.6%) 106 (8.1%)

Stage at diagnosis was strongly associated with vital status (p < 0.001). Most patients who
had died were diagnosed at the distant stage (69.3%), whereas the majority of those alive
were diagnosed at the regional stage (62.2%). Localized and in-situ cases were more
prevalent among living patients (20.4%) than deceased (4.7%).

Tumor site also showed a statistically significant difference (p = 0.0462), with appendix
tumors being slightly more common in the living group (2.4%) compared to the deceased
(0.5%). Although colon remained the most frequent tumor site in both groups, rectal tumors
were also prevalent.

Histological behavior showed a statistically significant association with survival (p =
0.0003). Adenocarcinoma NOS remained the dominant subtype in both groups, though it
was more common among living patients (91.7%) compared to deceased (85.3%). Less
common and more aggressive subtypes (e.g., mucinous adenocarcinoma and “others”) were
slightly more frequent in the deceased group.

Surgical treatment was significantly less common in deceased patients (35.7%) than in those
alive (86.3%) (p < 0.001). Similarly, the absence of radiation therapy was more frequent
among deceased patients (p = 0.0015), whereas chemotherapy use did not differ significantly
between the groups (p = 0.867). Immunotherapy use approached statistical significance (p =
0.0552), with a higher proportion of deceased patients receiving it. Palliative care was
substantially more common among the deceased (21.2%) compared to living patients (2.6%)
(p <0.001), reflecting its role in end-of-life care.

3.3.2 Multivariate Logistic Regression Analysis for Cancer Status

After variable selection, the final multivariate logistic regression model for predicting cancer
status (EOD) vs. (NED) included age, site category, stage at diagnosis, regional lymph node
involvement, surgery, radiation therapy, and palliative care as predictors (Table 3.6). The
model showed strong discriminative performance, achieving an AUC of 0.81 (95% CI: 0.79—
0.84) in the training set and 0.81 (95% CI: 0.76—0.86) in the test set (Figure 3.1).
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Older age was marginally associated with higher odds of having EOD (AOR = 1.01; 95%
CI: 1.00-1.02; p = 0.075). Tumor site also emerged as a significant predictor: patients with
tumors in the rectum had increased odds of having EOD compared to those with colon tumors
(AOR =2.09; 95% CI: 1.32-3.36; p = 0.002). Stage at diagnosis was a strong and consistent
predictor—patients diagnosed at the distant stage were substantially more likely to exhibit
EOD (AOR = 7.72; 95% CI: 4.36-14.01; p < 0.001), while those at the regional stage also
had elevated odds, though marginally significant (AOR = 1.54; 95% CI: 1.00-2.39; p =

0.052).

Table 3.6: The result of the multivariate logistic regression model for cancer status with the adjusted odd ratio

with 95% CI.

Predictors B (SE) AOR 95% CI p-
value

Age 0.010 (0.006) 1.01 0.999-1.022 0.075

Site Category

Colon Ref 1

APPENDIX 0.132 (0.577) 1.14 0.365-3.596 0.820

RECTOSIGMOID -0.230 (0.232) 0.79 0.503-1.248 0.320

RECTUM 0.738 (0.238) 2.09 1.318-3.361 0.002

Stage Category

Localized and In-Situ ~ Ref 1

Regional 0.433 (0.223) 1.54 0.998-2.393 0.052

Distant 2.044 (0.297) 7.72 4.358-14.007 <0.001

Unknown 14.816 (378.455) 2,701,173 2.64x1073' -1.09x10°?®  0.969

Regional Nodes

Regional Nodes Ref 1

Negative

No Nodes Examined ~ 0.704 (0.260) 2.02 1.216-3.381 0.007

Regional Nodes 0.419 (0.191) 1.52 1.048-2.212 0.028

Positive
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Surgery

No Ref 1

Yes -1.893 (0.383) 0.15 0.068-0.309 <0.001
Radiation

No Ref 1

Yes -0.790 (0.259) 0.45 0.272-0.751 0.002
Palliative

No Ref 1

Yes 1.636 (0.775) 5.13 1.377-33.562 0.035

Lymph node evaluation revealed important associations. Patients with no lymph nodes
examined had significantly higher odds of being classified as EOD (AOR = 2.02; 95% CI:
1.22-3.38; p=10.007), as did those with regional node positivity (AOR = 1.52; 95% CI: 1.05—
2.21; p =0.028), compared to those with negative lymph nodes.

Treatment-related variables also contributed meaningfully. Surgery was strongly protective,
with those undergoing surgery having significantly lower odds of EOD (AOR = 0.15; 95%
CI: 0.07-0.31; p < 0.001). Similarly, radiation therapy was associated with reduced odds of
EOD (AOR = 0.45; 95% CI: 0.27-0.75; p = 0.002). On the other hand, palliative care was
positively associated with the presence of disease (AOR = 5.13; 95% CI: 1.38-33.56; p =
0.035), consistent with its role in managing patients with advanced or persistent cancer.

In summary, the model highlighted several independent predictors of cancer status, including
tumor site, disease stage, lymph node involvement, and treatment history. These findings
may support improved prognostic stratification and inform post-treatment surveillance
strategies in CRC care.
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Figure 3.1: ROC curve of the logistic regression model showing the AUC values of the training and testing set for
Cancer Status.

3.3.3 Multivariate Logistic Regression Analysis for Recurrence Status

The final LR model for recurrence included age, stage at diagnosis, surgery, radiation
therapy, and chemotherapy as informative predictors (Table 3.7). The model demonstrated
good discriminative ability, with an AUC of 0.80 (95% CI: 0.75-0.85) for the training set
and 0.71 (95% CI: 0.59-0.83) for the test set (Figure 3.2).

Table 3.7: The result of the multivariate logistic regression model for recurrence with the adjusted odd ratio with
95% CI.

Predictors B (SE) AOR 95% CI p-value
Age -0.034 (0.011) 0.97 0.945-0.988 0.003
Stage Category

Localized and In-Situ Ref 1

Regional -0.057 (0.456) 0.94 0.407-2.495 0.901
Distant -0.933 (0.593) 0.39 0.120-1.280 0.116
Unknown 3.244 (1.067) 25.65 3.293-258.329 0.002
Surgery

70




No Ref 1

Yes 1.939 (0.761) 6.95 1.935-44.678 0.011
Radiation

No Ref 1

Yes -0.679 (0.408) 0.51 0.212-1.069 0.096
Chemotherapy

No Ref 1

Yes 2.491 (0.700) 12.07 3.606-60.846 <0.001

Age was significantly associated with recurrence status (AOR = 0.97, 95% CI: 0.945-0.988,
p =0.003), suggesting that the odds of recurrence decreased by approximately 3% with each
additional year of age. Patients with unknown cancer stage had significantly elevated odds
of recurrence compared to those with localized/in-situ disease (AOR = 25.65; 95% CI: 3.29—
258.33; p=10.002). While the regional and distant stages did not reach statistical significance,
distant-stage disease was associated with lower odds of recurrence (AOR =0.39; p=0.116),
potentially due to more aggressive initial management or loss to follow-up.

Treatment variables were also influential. Undergoing surgery was significantly associated
with higher odds of documented recurrence (AOR = 6.95; 95% CI: 1.94-44.68; p = 0.011),
potentially reflecting that patients receiving surgical intervention were those more likely to
be followed closely and thus have recurrence detected. Similarly, chemotherapy was strongly
associated with recurrence (AOR = 12.07; 95% CI: 3.61-60.85; p < 0.001), which may again
be reflective of treatment intensity in higher-risk patients. Radiation therapy showed a
borderline association with reduced recurrence risk (AOR = 0.51; 95% CI: 0.21-1.07; p =
0.096).

In summary, the model identified age, cancer stage, surgical intervention, and chemotherapy
as significant predictors of recurrence status, highlighting clinical characteristics and
treatment patterns that may help inform risk stratification.
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Figure 3.2: ROC curve of the logistic regression model showing the AUC values of the training and testing set for
Recurrence Status.

3.3.4 Multivariate Logistic Regression Analysis for Vital Status

The final LR model for vital status included histological subtype, tumor site, cancer stage,
Regional Lymph Node Involvement, surgery, immunotherapy, and palliative care as
informative predictors (Table 3.8). The model exhibited strong discriminative performance,
with an AUC of 0.85 (95% CI: 0.83—-0.88) for the training set and 0.84 (95% CI: 0.79-0.90)
for the test set (Figure 3.3).
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Table 3.8: The result of the multivariate logistic regression model for vital with the adjusted odd ratio with 95%

CL

73

Predictors B (SE) AOR 95% CI p-value
Histology Category

Adenocarcinoma NOS Ref 1

Mucinous Adenocarcinoma 1.201 (0.355)  3.32 1.646—6.656 0.001
Neuroendocrine & Carcinoid 0.0004 (0.635) 1.00 0.285-3.485 0.999
Tumors

Other Adenocarcinoma Subtypes 0.721 (0.542)  2.06 0.686-5.847 0.184
Others 1.024 (0.685)  2.78 0.758-11.579  0.135
Site Category

Colon Ref 1

APPENDIX -1.850 (1.006)  0.16 0.016-0.925 0.066
RECTOSIGMOID -0.604 (0.265)  0.55 0.322-0.911 0.023
RECTUM -0.500 (0.210)  0.61 0.400-0.911 0.017
Stage Category

Localized and In-Situ Ref 1

Regional 0.431 (0.348) 1.54 0.794-3.131 0.216
Distant 1.801 (0.351)  6.06 3.107-12.405 < 0.0001
Unknown 3.195(1.197)  24.40 2.994-519.519 0.008
Regional Nodes

Regional Nodes Negative Ref 1

No Nodes Examined 0.687 (0.320) 1.99 1.054-3.712 0.032
Regional Nodes Positive 0.584 (0.259) 1.79 1.089-3.011 0.024
Surgery

No Ref 1




Yes -1.549 (0.277)  0.21 0.122-0.362 <0.0001

Immunotherapy

No Ref 1

Yes -0.711 (0.442)  0.49 0.205-1.172 0.108
Palliative

No Ref 1

Yes 1.009 (0.322) 2.74 1.483-5.272 0.002

Several predictors demonstrated significant associations with survival. Patients with
mucinous adenocarcinoma had more than threefold increased odds of death compared to
those with adenocarcinoma NOS (AOR = 3.32; 95% CI: 1.65-6.66; p =0.001), suggesting a
more aggressive disease course. Tumor site also influenced mortality, with rectum (AOR =
0.61; p = 0.017) and rectosigmoid (AOR = 0.55; p = 0.023) tumors associated with
significantly lower odds of death compared to colon cancer. Although appendix tumors
showed the lowest odds (AOR = 0.16), this was only marginally significant (p = 0.066).

Stage at diagnosis was a strong predictor of vital status. Patients diagnosed at the distant
stage had sixfold higher odds of death compared to those with localized/in-situ disease (AOR
=6.06; 95% CI: 3.11-12.41; p < 0.001), while those with unknown stage had dramatically
elevated odds (AOR = 24.40; 95% CI: 2.99-519.52; p = 0.008). Lymph node involvement
was also informative; patients with no nodes examined (AOR = 1.99; p = 0.032) or positive
regional nodes (AOR = 1.79; p = 0.024) were at increased risk of death compared to those
with negative nodes.

Regarding treatment, surgery was strongly associated with reduced mortality. Patients who
underwent surgical resection had significantly lower odds of death (AOR = 0.21; 95% CI:
0.12-0.36; p <0.001). Palliative care was significantly associated with higher odds of death
(AOR = 2.74; 95% CI: 1.48-5.27; p = 0.002), consistent with its role in advanced disease
management. Immunotherapy showed a borderline protective effect but did not reach
statistical significance (AOR = 0.49; p =0.108).

In summary, this model highlighted key clinical predictors of mortality in CRC patients,
including tumor histology, stage at diagnosis, nodal involvement, surgical intervention, and
palliative care utilization. These findings underscore the prognostic value of initial disease
presentation and treatment patterns in shaping survival outcomes.
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Figure 3.3: ROC curve of the logistic regression model showing the AUC values of the training and testing set for
Vital Status.

3.3.5 Multivariable Cox Proportional Hazards Analysis for cancer status

This section presents the results of the multivariable Cox proportional hazards model
assessing predictors of cancer status (Table 3.9), where the event is defined as Evidence of
Disease (EOD). The model demonstrated solid discriminatory performance, achieving a C-
index of 0.73 (95% CI: 0.71-0.75) in the training set and 0.68 (95% CI: 0.64—0.73) in the
test set, indicating acceptable generalizability.

Age was a statistically significant predictor of persistent disease. A one-year increase in age
was associated with a 1% increase in the hazard of being classified as EOD (HR = 1.01; 95%
CI: 1.002-1.015; p = 0.007).

In terms of histological subtype, patients with Neuroendocrine and Carcinoid tumors had a
significantly lower hazard of EOD compared to those with adenocarcinoma NOS (HR =
0.56; 95% CI: 0.32-0.96; p = 0.034). The “Others” subtype also showed a strong protective
association (HR = 0.39; 95% CI: 0.20-0.75; p = 0.004), suggesting a lower likelihood of
active disease.

Tumor stage at diagnosis was a powerful determinant of cancer status. Patients diagnosed at
the distant stage had nearly double the hazard of having EOD compared to those with
localized tumors (HR = 1.83; 95% CI: 1.30-2.56; p <0.001). The regional stage also showed
a significant association (HR = 1.41; 95% CI: 1.03—1.93; p = 0.030). Interestingly, patients
with unknown stage had a markedly reduced hazard (HR = 0.08; 95% CI: 0.02-0.34; p <
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0.001), though this likely reflects incomplete documentation or follow-up rather than a true
clinical effect.

Table 3.9: Results of the Multivariate Cox Proportional Hazards Model for Cancer Status with Adjusted Hazard
Ratios with 95% CI.

Variable Hazard Ratio 95% CI p-value
Age 1.01 1.002-1.015 0.007
Histology Category

Adenocarcinoma NOS 1

Mucinous Adenocarcinoma 0.95 0.659-1.355 0.760
Neuroendocrine & Carcinoid 0.56 0.323-0.957 0.034
Tumors

Other Adenocarcinoma Subtypes 0.68 0.399-1.172 0.167
Others 0.39 0.204-0.747 0.004
Stage Category

Localized and In-Situ 1

Regional 1.41 1.034-1.928 0.030
Distant 1.83 1.302-2.560 <0.001
Unknown 0.08 0.018-0.342 <0.001
Regional Nodes

Regional Nodes Negative 1

No Nodes Examined 2.37 1.802-3.113 <0.001
Regional Nodes Positive 1.61 1.263-2.041 <0.001
Surgery

No 1

Yes 0.59 0.461-0.747 <0.001
Radiation
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No 1

Yes 0.69 0.550-0.876 0.002
Chemotherapy

No 1

Yes 0.29 0.234-0.364 <0.001
Immunotherapy

No 1

Yes 0.66 0.430-1.013 0.057

Marital Status

Married 1

DIVORCED 1.50 0.906-2.489 0.115
SINGLE 1.77 1.312-2.378 <0.001
UNKNOWN 1.73 1.226-2.455 0.002
WIDOWED 0.75 0.483-1.173 0.209

Lymph node involvement played a critical role. Patients with no nodes examined had more
than double the hazard of EOD (HR = 2.37; 95% CI: 1.80-3.11; p <0.001), and those with
regional node positivity had a 61% higher hazard compared to those with negative nodes
(HR =1.61; 95% CI: 1.26-2.04; p < 0.001).

Regarding treatment, surgical resection significantly reduced the risk of EOD (HR = 0.59;
95% CI: 0.46—0.75; p < 0.001). Radiation therapy was also protective (HR = 0.69; 95% CI:
0.55-0.88; p=0.002), and chemotherapy demonstrated a strong protective effect (HR =0.29;
95% CI: 0.23-0.36; p < 0.001). While immunotherapy showed a trend toward decreased
hazard (HR = 0.66; 95% CI: 0.43—1.01), it did not reach conventional statistical significance
(p =0.057).

Among social variables, being single (HR = 1.77; 95% CI: 1.31-2.38; p <0.001) and having
unknown marital status (HR = 1.73; 95% CI: 1.23-2.45; p = 0.002) were both associated
with a significantly higher hazard of EOD compared to married patients. Being divorced
showed a non-significant trend (HR = 1.50; p = 0.115), while widowed status was not
statistically associated with the outcome (p = 0.209).
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The Kaplan—Meier survival curves (Figure 3.4) compare the actual survival curve of training
data with the predicted curve on the test set. The curves show a moderate alignment,
indicating that the model's calibration was acceptable, though a slight overestimation of
survival was observed in later time periods. This is likely due to a reduced number of EOD
events at extended follow-up, leading to increased censoring.
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Figure 3.4: Observed vs. Predicted Kaplan—Meier Curves Cancer Status Survival curve

3.3.6 Multivariable Cox Proportional Hazards Analysis for Recurrence

This section presents the findings from the multivariable Cox regression analysis for
recurrence-free survival. Initially, a full model including demographic, tumor, and treatment-
related predictors was fitted. Following this, a backward stepwise selection procedure
identified a final model with site category, stage at diagnosis, chemotherapy, and
immunotherapy as significant predictors of recurrence (Table 3.10).

Tumor site in the rectum was significantly associated with increased recurrence risk.
Compared to colon tumors, rectal tumors were associated with more than a fourfold higher
hazard of recurrence (HR =4.62; 95% CI: 1.74-12.26; p = 0.002). In contrast, tumors in the
rectosigmoid junction showed no significant difference (HR = 1.07; p = 0.873).

The stage at diagnosis was another strong determinant of recurrence. Patients diagnosed at
the distant stage had a sevenfold increased hazard of recurrence compared to those diagnosed
at localized/in-situ stage (HR = 6.91; 95% CI: 1.23-38.62; p = 0.028). The regional stage
was associated with a more than threefold increase in recurrence risk (HR = 3.09), but this
did not reach statistical significance (p = 0.095).

Treatment factors were also informative. Receiving chemotherapy was significantly
associated with an 83% reduction in recurrence risk (HR = 0.17; 95% CI: 0.03-0.99; p =
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0.049), highlighting its therapeutic benefit in recurrence prevention. In contrast,
immunotherapy was associated with a markedly increased risk of recurrence (HR = 7.11;
95% CI: 1.23-41.17; p = 0.029), potentially reflecting its use in more advanced or refractory
cases.

Table 3.10: Results of the Multivariate Cox Proportional Hazards Model for Recurrence Status with Adjusted
Hazard Ratios with 95% CI.

Predictors Hazard Ratio (95% CI) P-value

Stage at Diagnosis

Localized and In-Situ

1.0 (reference)

Distant 6.91 (1.23, 38.62) 0.028
Regional 3.09 (0.82, 11.59) 0.095
Unknown 0.09 (0.01, 0.85) 0.036
Primary Tumor Site

Colon 1.0 (reference)

Rectosigmoid 1.07 (0.48, 2.35) 0.873
Rectum 4.62 (1.74, 12.26) 0.002
chemotherapy

No 1.0 (reference)

Yes 0.17 (0.03, 0.99) 0.049
immunotherapy

No 1.0 (reference)

Yes 7.11 (1.23,41.17) 0.029
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Overall, the final model demonstrated moderate discrimination. The concordance index (C-
index) was 0.72 (95% CI: 0.64—0.80) in the training set and 0.72 (95% CI: 0.45-0.98) in the
test set, indicating reasonable predictive performance. The Kaplan—Meier survival curves
(Figure 3.5) compare observed recurrence-free survival in the training data with predicted
survival in the test data. The predicted curve tracked closely with the observed pattern
throughout most of the follow-up period, reflecting satisfactory model calibration. The slight
overestimation of survival at later time points is likely due to the low recurrence rate in the
dataset, which results in a higher proportion of censored cases and reduced statistical
precision in the tail of the curve. Despite this, the strong alignment between observed and
predicted survival supports the model’s utility for recurrence risk prediction in CRC patients.
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Figure 3.5: Observed vs. Predicted Kaplan—Meier Curves for Recurrence-Free Survival
3.3.7 Multivariable Cox Proportional Hazards Analysis for Overall Survival

(Vital Status)

This section presents the results of the multivariable Cox proportional hazards model
evaluating predictors of overall survival (Table 3.11). The model was fit using clinical and
demographic covariates, including age, tumor characteristics, treatment modalities, and
marital status. It demonstrated excellent discriminatory performance, achieving a C-index of
0.85 (95% CI: 0.83-0.87) in the training set and 0.88 (95% CI: 0.86—0.91) in the test set,
indicating strong predictive capacity and generalizability.
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Table 3.11: Results of the Multivariate Cox Proportional Hazards Model for Vital Status with Adjusted Hazard

Ratios with 95% CI.

Variable Hazard Ratio (95% CI) P-value
Age 1.012 (1.002 , 1.022) 0.015
Marital status

Married 1.0 (reference)

Divorced 2.20(1.11,4.37) 0.024
Single 1.82 (1.12,2.97) 0.016
Widowed 0.85(0.43, 1.69) 0.650
Unknown 0.77 (0.34, 1.76) 0.536
Histology Behavior

Mucinous Adenocarcinoma 2.44 (1.49, 3.98) <0.001
Neuroendocrine & Carcinoid 0.59 (0.25, 1.39) 0.230
Tumors

Other Adenocarcinoma Subtypes 1.73 (0.89, 3.36) 0.107
Others 0.70 (0.34, 1.44) 0.331
Regional Lymph Node

Involvement

Regional Nodes Negative 1.0 (reference)

No Nodes Examined 2.68 (1.61, 4.46) <0.001
Regional Nodes Positive 2.55(1.61,4.03) <0.001
Stage at Diagnosis

Localized and In-Situ 1.0 (reference)

Distant 4.32 (2.31, 8.09) <0.001
Regional 1.40 (0.76, 2.59) 0.284
Unknown 0.00 (0.00, 1,470,000) 0.989
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Primary Tumor Site

Colon 1.0 (reference)

Rectosigmoid 0.62 (0.43, 0.90) 0.011
Rectum 0.70 (0.53,0.91) 0.008
Appendix 0.65 (0.15, 2.81) 0.566
Surgery

No 1.0 (reference)

Yes 0.26 (0.18, 0.38) <0.001
Chemotherapy

No 1.0 (reference)

Yes 0.41 (0.30, 0.56) <0.001
Immunotherapy

No 1.0 (reference)

Yes 0.61 (0.35, 1.06) 0.081
Palliative

No 1.0 (reference)

Yes 1.28 (0.94, 1.73) 0.115

Age was significantly associated with mortality risk, with a hazard ratio (HR) of 1.012 (95%
CI: 1.002-1.022; p = 0.015), indicating that each additional year of age increased the hazard
of death by approximately 1.2%.

Among tumor characteristics, mucinous adenocarcinoma was associated with more than
twice the hazard of death compared to adenocarcinoma NOS (HR = 2.44; 95% CI: 1.49-
3.98; p <0.001). Tumor site was also a significant predictor: patients with rectosigmoid (HR
=0.62; 95% CI: 0.43-0.90; p = 0.011) or rectum tumors (HR = 0.70; 95% CI: 0.53-0.91; p
= 0.008) had significantly lower mortality risk compared to those with colon tumors.

Stage at diagnosis emerged as a powerful determinant of survival. Patients with distant-stage
disease experienced a more than fourfold increase in the hazard of death (HR = 4.32; 95%
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CI: 2.31-8.09; p < 0.001), whereas regional-stage disease was not statistically significant
(HR = 1.40; p = 0.284). The "unknown" category had an implausibly low HR estimate due
to data irregularities and was not interpretable (p = 0.989).

Lymph node involvement was significantly associated with worse outcomes. Patients with
no nodes examined (HR = 2.68; 95% CI: 1.61-4.46; p <0.001) and those with regional node
positivity (HR = 2.55; 95% CI: 1.61-4.03; p < 0.001) were both at significantly higher risk
of death compared to patients with negative nodes.

Regarding treatment modalities, surgical resection was strongly protective and associated
with a 74% reduction in the hazard of death (HR = 0.26; 95% CI: 0.18-0.38; p < 0.001).
Chemotherapy was also significantly protective (HR = 0.41; 95% CI: 0.30-0.56; p < 0.001).
Although immunotherapy showed a trend toward reduced risk (HR = 0.61; 95% CI: 0.35—
1.06), the association was not statistically significant (p = 0.081). Palliative care did not
significantly predict overall survival (HR = 1.28; p =0.116).

Marital status showed noteworthy associations: compared to married individuals, being
divorced (HR = 2.20; 95% CI: 1.11-4.37; p = 0.024) or single (HR = 1.82; 95% CI: 1.12—
2.97; p = 0.016) was significantly associated with higher mortality risk, suggesting potential
psychosocial or support-related disparities.

The Kaplan-Meier survival curves (Figure 3.6) illustrate observed survival in the training set
and predicted survival in the test set. The model-predicted survival closely followed the
observed curve in the early periods but slightly overestimated survival in later time points.
Nevertheless, the strong separation between the survival curves and consistent patterns
underscore the model's good calibration and clinical utility in predicting overall survival in
CRC patients.
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Figure 3.6: Observed vs. Predicted Kaplan—Meier Survival Curves for Overall Survival in CRC Patients.

3.4 Discussion

This study developed and validated multivariate LR and Cox proportional hazards models to
predict CRC outcomes—specifically cancer status, recurrence, and overall survival—using
data from 1,314 patients treated at King Fahd Specialist Hospital in Dammam, Saudi Arabia.
The LR models showed strong predictive accuracy with AUCs of 0.80, 0.81, and 0.85 for
recurrence, cancer status, and vital status, respectively. Similarly, Cox regression models
demonstrated excellent discriminatory performance: for overall survival, the concordance
index (C-index) was 0.85 (95% CI: 0.83-0.87) in the training set and 0.88 (95% CI: 0.86—
0.91) in the test set; for recurrence-free survival, the C-index was 0.72 (95% CI: 0.64-0.80)
in the training set and 0.72 (95% CI: 0.45-0.98) in the test set. For cancer status survival
analysis, the C-index was 0.73 (95% CI: 0.71-0.75) in the training set and 0.68 (95% CI:
0.64-0.73) in the test set, reflecting acceptable discrimination and generalizability.

Across models, several clinical and demographic predictors were significantly associated
with CRC outcomes. Age had a nuanced effect: while older patients had lower odds of
recurrence (AOR =0.97, p = 0.003), they exhibited higher risks of persistent disease (HR =
1.01, p=0.007) and mortality (HR = 1.012, p=0.015). These findings highlight the complex
role of aging in cancer progression, treatment response, and survivorship.

Tumor characteristics were highly informative. Rectal tumors were associated with increased
odds of cancer persistence (AOR = 2.09, p = 0.002) and a more than fourfold higher risk of
recurrence (HR =4.62, p=10.002) compared to colon tumors. However, in terms of mortality,
rectal and rectosigmoid tumors were linked to significantly lower hazard of death (HR =0.70
and 0.62, respectively), suggesting different clinical behavior and possibly more aggressive
treatment strategies for these tumor locations. Histological subtypes such as mucinous
adenocarcinoma were linked to higher mortality (HR = 2.44, p <0.001), while rare subtypes
such as neuroendocrine and “others” were associated with a significantly lower hazard of
persistent cancer status (HR = 0.56, p = 0.034 and HR = 0.39, p = 0.004, respectively).

Disease stage at diagnosis was among the most powerful predictors. Patients with distant-
stage disease exhibited a sevenfold increased recurrence hazard (HR = 6.91, p = 0.028) and
a fourfold higher risk of death (HR =4.32, p <0.001), highlighting the prognostic importance
of early detection. Regional lymph node involvement was also a strong survival determinant:
patients with no nodes examined or with regional node positivity had significantly higher
mortality risk compared to those with negative nodes (HR =2.68 and 2.55, respectively; both
p <0.001).

Lymph node evaluation was another critical predictor. Patients with no nodes examined had
significantly worse outcomes in terms of cancer status (HR = 2.37, p < 0.001) and survival
(HR =2.68, p <0.001). Regional node positivity similarly elevated risks of persistent disease
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(HR =1.61, p <0.001) and mortality (HR = 2.55, p <0.001), reaffirming the importance of
nodal assessment in CRC management.

Treatment modalities had strong protective effects. Surgery significantly reduced the odds
of disease presence (AOR = 0.15, p < 0.001) and hazards of recurrence (HR = 6.95, p =
0.011), cancer persistence (HR = 0.59, p < 0.001), and death (HR = 0.26, p < 0.001).
Chemotherapy was a key protective factor across all models: it lowered the hazard of
recurrence (HR = 0.17, p = 0.049), persistent disease (HR = 0.29, p < 0.001), and death (HR
=0.41, p < 0.001). Radiation therapy also showed protective effects for cancer persistence
(HR =0.69, p = 0.002). Immunotherapy, while associated with a higher hazard of recurrence
(HR =7.11, p = 0.029), showed a protective trend for cancer status (HR = 0.66, p = 0.057)
and survival (HR = 0.61, p = 0.081), possibly reflecting its use in advanced-stage or
immunoresponsive patients.

Marital status was a significant social determinant: single and divorced patients had higher
mortality risk compared to married counterparts (HR = 1.82 and 2.20, respectively),
reinforcing the protective effects of social support documented in prior literature. This
association underscores the importance of psychosocial factors in CRC prognosis and
supports the integration of social determinants into predictive modeling.

Overall, the models demonstrated robust predictive performance and strong calibration, as
evidenced by ROC curves and Kaplan-Meier survival comparisons. Particularly, the Cox
model for overall survival achieved high concordance, and the predicted survival curves
closely aligned with observed data.

Despite these strengths, the study has limitations. The recurrence rate was relatively low
(5.5%), which, although reflective of real-world outcomes, may limit statistical power and
precision, especially in the Cox model for recurrence. Additionally, certain rare categories
(e.g., appendix tumors, neuroendocrine subtypes) were underrepresented, limiting the ability
to draw firm conclusions about their prognostic implications. Moreover, the data originated
from a single center in Saudi Arabia, which may constrain the generalizability of the findings
to broader populations. Potential unmeasured confounders—such as comorbidities, genomic
data, or socioeconomic factors—were not included, which may affect model completeness.

Nevertheless, this study provides one of the first comprehensive statistical modeling
frameworks for CRC outcomes in a Middle Eastern clinical setting. The models offer
valuable clinical insights and hold potential for incorporation into digital tools to assist in
prognosis, treatment planning, and patient communication.

In conclusion, the findings affirm the utility of LR and Cox proportional hazards models for
predicting key CRC outcomes, including recurrence, cancer status, and survival. The
identified predictors—age, tumor site, disease stage, lymph node involvement, treatment
modalities, and marital status—align with and extend existing literature. These models form
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a foundation for future predictive analytics in CRC and support the development of risk
stratification tools tailored to regional populations. Further research should explore
integration with ML techniques, external validation in other cohorts, and expansion to
include genomic and lifestyle data for more precise individualized care.
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4. Machine Learning Models for Predicting Key Outcomes in
CRC Patients in Saudi Arabia

4.1 Background

This chapter presents a comparative evaluation of multiple ML algorithms for predicting
three critical clinical outcomes in CRC patients: recurrence, cancer status at follow-up, and
overall survival (vital status). Using retrospective data from 1,314 patients treated at King
Fahd Specialist Hospital in Dammam, Saudi Arabia, five widely adopted ML techniques
were implemented and assessed. These included Random Forest (RF), Support Vector
Machines with both linear and radial kernels (svmLinear and svmRadial), Extreme Gradient
Boosting (XGBLinear), and Artificial Neural Networks (ANN). These algorithms were
selected for their demonstrated ability to model complex relationships in clinical data and
their effectiveness in medical prediction tasks.

The primary aim of this chapter is to identify the most accurate and generalizable models for
each of the targeted CRC outcomes. By doing so, the study seeks to contribute to the
development of reliable, data-driven clinical decision-support tools that can assist
oncologists in patient risk stratification, treatment planning, and follow-up management.
Accurate prediction of recurrence and survival outcomes is essential in delivering timely
interventions and improving personalized cancer care.

The chapter begins by detailing the methodological approach used to develop, train, and
evaluate the predictive models, emphasizing the steps taken to ensure reproducibility and
fairness in comparison. It then briefly revisits the dataset introduced earlier in the thesis,
grounding the analysis in the real-world clinical context of CRC patients in Saudi Arabia.
Following this, attention is given to the process of selecting the most informative features for
each model, highlighting the role of clinical relevance and data-driven refinement. The
comparative analysis unfolds by examining each of the three outcomes—cancer status,
recurrence, and vital status—in turn, presenting model performance results alongside
visualizations such as ROC curves and discussing the features that consistently emerged as
important across algorithms. The chapter culminates in a reflection on the key findings, their
clinical implications, and the broader potential of ML to support personalized cancer care.

4.2 Methods

To predict CRC outcomes using ML, this study adopted a systematic data science pipeline
that ensured methodological rigor and reproducibility. All analyses were conducted using R
(version 4.4.2), a powerful open-source statistical programming environment widely utilized
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for clinical research and predictive modeling. The workflow encompassed data
preprocessing, model development, hyperparameter tuning, and performance evaluation.

In the preprocessing stage, the dataset was cleaned to address inconsistencies, and categorical
variables were appropriately encoded to ensure compatibility with ML algorithms. Rather
than using a fixed train-test split, the analysis employed a nested cross-validation framework
to ensure rigorous model evaluation and reduce overfitting.

A range of ML techniques was applied to predict each of the three CRC outcomes:
recurrence, cancer status, and vital status. The selected models included RF, SVM) with both
linear and radial kernels, Extreme Gradient Boosting using the linear booster (XGBLinear),
and Artificial Neural Networks (ANN). These models were chosen for their proven
effectiveness in clinical prediction tasks and their ability to model complex, nonlinear
relationships in health data.

Model training and tuning were conducted using nested cross-validation within the full
dataset to optimize generalizability and robustness. Hyperparameters for each model were
selected based on cross-validated performance metrics. Final model performance was
assessed using a bootstrap-based evaluation strategy on out-of-bag samples over 500
simulations. Key performance metrics included accuracy, sensitivity, specificity, PPV, NPV,
and the AUC.

This comprehensive and structured approach allowed for consistent comparisons across
models and outcomes, ultimately identifying the most effective ML techniques for CRC
outcome prediction.

4.2.1 Dataset

For a comprehensive description of the dataset utilized in this study - including information
on the study population, outcome variables (recurrence, cancer status, and vital status), and
predictor variables - refer to Sections 3.2.1 (Study Design and Participants), 3.2.2 (Outcome
Variables), and 3.2.3 (Predictor Variables) in the previous chapter.

4.2.2 Feature Selection for Prognostic Modeling

In the context of predicting CRC outcomes, careful selection of prognostic features is
fundamental to developing clinically relevant and robust predictive models. Rather than
relying on arbitrary variable inclusion, this study grounded its feature set in prior literature
and clinical insight. The chosen predictors represent key domains of CRC prognosis -
encompassing patient demographics, tumor characteristics, and treatment-related
interventions - all of which are widely recognized as influential in determining patient
outcomes.
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Given the structured nature of the dataset (n = 1,314) and the need to balance predictive
power with interpretability, we adopted an embedded feature selection strategy within the
ML workflow. Specifically, backward elimination was employed within each fold of the
nested cross-validation framework. This iterative method starts with the complete set of
predictors and sequentially removes the least informative variables, using the AUC as the
optimization criterion. The process continues until no further gain in performance is
observed, yielding a parsimonious model tailored to each learning algorithm and outcome.

This approach offers two distinct advantages. First, by integrating feature selection into the
training process, it mitigates the risk of overfitting, particularly important in clinical datasets
where redundancy and multicollinearity are common. Second, it enhances model
transparency, highlighting which variables most consistently contribute to predictive
performance.

The final models varied slightly by algorithm and outcome but consistently retained
clinically meaningful variables such as tumor site, stage at diagnosis, regional lymph node
involvement, surgery, chemotherapy, immunotherapy, and patient age. These features are
well-aligned with established CRC prognostic indicators, lending further support to the
validity of the data-driven selection process.

The next section outlines the evaluation framework and performance metrics used to validate
the resulting models and ensure their applicability in real-world clinical settings.

4.2.3 Validation Strategy and Performance Evaluation Metrics

In this study, robust validation strategies were employed to evaluate and compare the
performance of multiple ML models in predicting CRC outcomes—specifically cancer
status, recurrence and vital status. The analysis was conducted using a nested cross-validation
framework combined with feature selection and bias-corrected performance estimation
through bootstrapping.

Nested Cross-Validation and Feature Selection

To prevent overfitting and promote generalizability, a 10-fold nested cross-validation
scheme was adopted. For each outer fold, the data were divided into training and testing
subsets, with the test portion used exclusively for model evaluation. Within each outer
training set, an inner 5-fold cross-validation loop was employed to perform hyperparameter
tuning using a grid search strategy across predefined sets of values.

After hyperparameter tuning, feature selection was conducted on the outer training data using
a backward elimination approach. In each iteration, the least impactful variable was removed,
and the model was retrained until an optimal subset of predictors was identified, maximizing
the Area Under the ROC Curve (AUC). This process ensured that the selected features
provided the highest predictive power while mitigating the risk of overfitting—a crucial
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consideration in biomedical datasets characterized by high dimensionality and potential
noise.

The outer loop evaluated the generalization performance of the models using independent
test folds. The model achieving the highest sensitivity across all outer folds was preserved
for subsequent bootstrap validation and further analysis.

Handling Class Imbalance

Class imbalance was a critical issue, particularly for the recurrence outcome, which had a
low prevalence (~5.5%) in the dataset. To address this, two different resampling strategies
were implemented at different stages of model development. SMOTE was employed during
the nested validation and hyperparameter optimization process to increase the representation
of the minority class in training data, allowing models to develop more stable and accurate
decision boundaries. In contrast, up sampling was applied in the final 500 bootstrap
validation simulations, where minority class instances were randomly duplicated to match
the majority class. This ensured balanced training while preserving the integrity of test
evaluations without introducing synthetic data. Together, these techniques mitigated class
imbalance and enhanced the models’ ability to detect rare outcomes reliably.

Model Selection and Implementation

The selected ML models comprised RF, svmLinear, svmRadial, xgbLinear and ANN. Each
algorithm was integrated into the same nested validation and feature selection pipeline to
ensure a fair comparison.

The final models were stored with their corresponding hyperparameters and important
variables for reproducibility and further analysis. Model performance was reported based on
both in-sample and out-of-sample (bootstrap test) metrics, allowing for a rigorous and
transparent comparison.

4.3 Result

4.3.1 Cancer Status Prediction

Five ML algorithms were applied to estimate cancer status at the final follow-up of CRC
patients, using a 10-fold nested cross-validation approach with 500 bootstrap simulations.
Cancer status was defined as either No Evidence of Disease (NED) or Evidence of Discase
(EOD), The modeling pipeline involved data preprocessing, class balancing using SMOTE
and up-sampling, and embedded feature selection to enhance model performance and
interpretability.
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Of all the evaluated models, XGBLinear showed the best training performance (Table 4.1),
recording an accuracy of 0.7504 and an AUC of 0.8388. The ANN model performed
comparably, reaching 0.7397 in accuracy and 0.8342 in AUC, reflecting high discriminative
capability. The RF model stood out for its high specificity (0.9353) and PPV (0.9438), though
it exhibited a lower sensitivity of 0.5929, suggesting a more conservative approach in
identifying patients with evidence of disease. The svmRadial achieved the highest sensitivity
(0.7212) among all models, making it effective in capturing positive cases, albeit with a
lower specificity (0.7328). All models recorded AUC values above 0.80, underscoring their
effectiveness in distinguishing between patients with and without disease evidence.

Table 4.1: Training Set Evaluation Metrics for Machine Learning Models Predicting Cancer Status

Model Accuracy  Specificity Sensitivity NPV PPV AUC

RF 0.7139 0.9353 0.5929 0.5564 0.9438 0.8247
ANN 0.7397 0.8858 0.6600 0.5871 0.9137 0.8342
svmLinear 0.6971 0.9159 0.5776 0.5421 0.9264 0.8034
svmRadial 0.7253 0.7328 0.7212 0.5893 0.8318 0.8036
xgbLinear (.7504 0.9052 0.6659 0.5966 0.9279 0.8388

Validation on the bootstrap out-of-bag samples further highlighted the robustness of the
models. (Table 4.2). with all achieving AUC values above 0.78. The RF model recorded the
highest specificity (0.9204) and PPV (0.9290), reflecting a conservative approach that favors
minimizing false positives, though at the cost of lower sensitivity (0.5689). The ANN and
XGBLinear models demonstrated the best balance between accuracy (0.7200 and 0.7202,
respectively), sensitivity (0.6492 and 0.6495), and specificity (0.8492 and 0.8494), while
maintaining high AUC values (0.7944 and 0.7854). The svmLinear model showed strong
specificity (0.8935) and PPV (0.9096), paired with moderate sensitivity (0.5886), supporting
its use in scenarios requiring high certainty in positive predictions. The svmRadial model
again achieved the highest sensitivity (0.6934), consistent with its training behavior, though
its specificity was the lowest (0.7352), indicating a trade-off in favor of recall. These results
emphasize the ANN and XGBLinear models’ strong generalization performance, while
highlighting the distinct strengths of RF and SVM-based models in different clinical
decision-making contexts.
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Table 4.2: Validation Set Evaluation Metrics for Machine Learning Models Predicting Cancer Status

Model Accuracy Specificity  Sensitivity NPV PPV AUC

RF 0.6931 0.9204 0.5689 0.5385 0.9290 0.8008
ANN 0.7200 0.8492 0.6492 0.5703 0.8870 0.7944
svmLinear 0.6967 0.8935 0.5886 0.5440 0.9096 0.7960
svmRadial 0.7082 0.7352 0.6934 0.5659 0.8282 0.7847
xgbLinear 0.7202 0.8494 0.6495 0.5694 0.8880 0.7854

When comparing overall performance across training and validation phases, the ANN and
XGBLinear models emerged as the most balanced and reliable classifiers for predicting
cancer status. Both consistently demonstrated strong accuracy, AUC, and sensitivity metrics,
indicating effective generalization to unseen data. ANN showed a slightly better validation
AUC (0.7944) compared to XGBLinear (0.7854), while maintaining comparable accuracy
and predictive values, making it particularly effective in identifying patients with evidence
of disease.

RF consistently offered the highest specificity and PPV across both datasets, favoring
precision and minimizing false positives. However, its relatively low sensitivity suggests a
tendency to under-identify true positive cases, which may limit its utility in screening settings
where recall is critical. Conversely, the svmRadial prioritized sensitivity, achieving the
highest recall in both training (0.7212) and validation (0.6934), though at the cost of lower
specificity, rendering it appropriate for scenarios where elevated sensitivity is essential.

The svmLinear maintained strong specificity and PPV across both sets, positioning it as a
conservative model that performs well in confirming positive cases, albeit with modest
sensitivity and AUC. Overall, ANN and XGBLinear demonstrated the most robust and
generalizable performance, while RF and SVM variants showed potential for use in context-
specific clinical applications depending on the prioritization of precision versus recall.
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Figure 4.1: ROC Curves of Machine Learning Model
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s for Predicting Cancer Status in CRC Patients (Training Set)

Figure 4.1 presents the ROC curves for each ML model used to predict cancer status in CRC
patients, evaluated on the training set. These curves reflect how each model balances
sensitivity and specificity at different threshold levels, with the AUC indicating the model's
ability to distinguish between outcome classes.
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XGBLinear recorded the top AUC value of 0.84, reflecting its superior capacity to
distinguish between patients with and without evidence of disease. The ANN model closely
followed with an AUC of 0.83, maintaining a smooth and well-distributed curve indicative
of robust performance. The RF model also performed well (AUC = 0.82), especially notable
for its strong specificity and positive predictive value.

Both svmLinear and svmRadial models demonstrated similar AUC values of 0.80. However,
their ROC curves suggest different operating characteristics—svmRadial emphasized higher
sensitivity at the expense of specificity, while svmLinear maintained stronger specificity and
a more conservative classification approach.

Overall, the ROC curves confirm that all five models possess strong discriminative power
(AUC > 0.80), with XGBLinear and ANN demonstrating the best balance between recall and
precision. These findings align with the numerical results in Tables 4.1 and 4.2, supporting
their potential use in clinical settings for early identification of patients with disease
evidence.

Feature selection for cancer status prediction revealed a consistent set of prognostic variables
retained across multiple ML models (Table 4.3). Variables such as stage category, site
category, regional lymph node involvement, and radiation were selected by all five
algorithms, underscoring their central role in predicting cancer status. Treatment-related
features, including surgery, palliative care, and immunotherapy, were also frequently
retained, particularly by ensemble and neural network-based models. In contrast,
demographic features like age, gender, and marital status appeared less frequently across
models, indicating that their predictive value might vary depending on the algorithm or its
interaction with other predictors. Overall, the selected features align well with known clinical
indicators of disease status, supporting the validity of the data-driven selection process
employed within each modeling framework.

Table 4.3: Features Retained in Final Machine Learning Models for Cancer Status Prediction

Variable RF ANN svmLinear svmRadial ~ XgbLinear
Gender v v v

Age v

Marital v

Surgery v i v v
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Radiation v v v v v
Chemotherapy v i v
Immunotherapy v v vi

Palliative v v v v

Regional Lymph Node v v v v v
Stage at Diagnosis v v v v v
Primary Tumor Site v v v v v

A check mark (V) indicates that the corresponding variable was selected in the final version of each model. Blank

cells denote features that were excluded during the embedded feature selection process.

4.3.2 Recurrence Prediction

To predict disease recurrence among CRC patients, Five ML algorithms were developed and
assessed through a 10-fold nested cross-validation scheme with a 500-iteration bootstrap
validation. Recurrence was defined as the reappearance of cancer within the follow-up
period. Given the low prevalence of recurrence in the dataset, class imbalance was addressed
using SMOTE during model development and up-sampling in the final evaluation phase.

Among all models, the XGBLinear algorithm achieved the highest AUC on the training set
(Table 4.4), reaching 0.8172, along with a sensitivity of 0.8333 and an accuracy of 0.6804.
The Artificial Neural Network (ANN) followed closely, recording the highest sensitivity
(0.8611) and an AUC of 0.7994. However, its performance was accompanied by reduced
specificity (0.6264) and accuracy (0.6393), suggesting a tendency toward over-predicting
recurrence. The svmLinear model exhibited a similar pattern, achieving an AUC of 0.7891
with a sensitivity of 0.8194, but slightly lower specificity (0.6216) and accuracy (0.6324).RF
demonstrated a balanced profile, achieving 0.7062 in accuracy, 0.8056 in sensitivity, and an
AUC score of 0.7663, positioning it as a strong candidate for general-purpose classification.
The svmRadial model delivered the most balanced trade-off between specificity (0.7174)
and sensitivity (0.6806), although with a comparatively lower AUC of 0.7764. Despite all
models showing modest PPV—due to the highly imbalanced outcome—all achieved high
NPV (>0.97), which is essential for confidently ruling out recurrence in low-risk patients.
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Table 4.4: Training Set Evaluation Metrics for Machine Learning Models Predicting CRC Recurrence

Model Accuracy  Specificity  Sensitivity NPV PPV AUC

RF 0.7062 0.7005 0.8056 0.9842 0.1349 0.7663
ANN 0.6393 0.6264 0.8611 0.9873 0.1179 0.7994
svmLinear 0.6324 0.6216 0.8194 0.9834 0.1115 0.7891
svmRadial 0.7154 0.7174 0.6806 0.9748 0.1225 0.7764
xgbLinear 0.6804 0.6715 0.8333 0.9852 0.1282 0.8172

Validation on the bootstrap out-of-bag samples (Table 4.5) confirmed the overall trends seen
during training. The XGBLinear model maintained its superior performance, achieving the
highest AUC (0.7641) and demonstrating strong sensitivity (0.7693) with good specificity
(0.6527), underscoring its ability to generalize to unseen data. The RF model followed
closely, with an AUC of 0.7396 and the highest sensitivity (0.7717), suggesting high utility
in identifying patients at risk of recurrence. ANN and svmLinear models both maintained
strong sensitivity (0.7352 and 0.7562, respectively) but exhibited lower specificity and the
lowest PPVs, reflecting their bias toward detecting positives. Meanwhile, svmRadial
achieved the highest specificity (0.7277) among all models in the validation phase, though it
had the lowest sensitivity (0.6429), favoring a more conservative strategy.

Table 4.5: Validation Set Evaluation Metrics for Machine Learning Models Predicting CRC Recurrence

Model Accuracy Specificity ~ Sensitivity ~ NPV PPV AUC

RF 0.6496 0.6425 0.7717 0.9798 0.1114 0.7396
ANN 0.6199 0.6134 0.7352 0.9759 0.0982 0.7361
svmLinear 0.6052 0.5964 0.7562 0.9768 0.0983 0.7302
svmRadial 0.7231 0.7277 0.6429 0.9728 0.1184 0.7348
xgbLinear 0.6590 0.6527 0.7693 0.9798 0.1135 0.7641

When comparing overall performance across both training and validation phases, the
XGBLinear model emerged as the most reliable and generalizable classifier for recurrence
prediction. It consistently achieved the highest AUC values (0.8172 and 0.7641) while
maintaining a strong balance between sensitivity and specificity. The RF model also
performed robustly, particularly in maximizing recall (sensitivity = 0.7717), making it highly
effective in capturing recurrence cases. The ANN model was notable for its high sensitivity
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but demonstrated lower specificity and PPV, which may lead to more false positives. Both
SVM models maintained moderate AUCs—svmLinear peaking at 0.7891 during training and
svmRadial achieving 0.7348 on validation—reflecting acceptable but less consistent
performance compared to ensemble and neural network models. They also exhibited distinct
trade-offs: svmLinear emphasized recall, while svmRadial prioritized specificity.
Collectively, these findings highlight the strengths of XGBLinear and RF as leading models
for recurrence prediction, with ANN offering a high-sensitivity alternative suitable for risk
screening scenarios.
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Figure 4.2: ROC Curves of Machine Learning Models for Predicting CRC Recurrence in the Training Set

Figure 4.2 presents the ROC curves for each ML model used to predict CRC recurrence,
evaluated on the training set. The XGBLinear model achieved the highest AUC (0.82),
demonstrating its strong capability to differentiate patients based on recurrence status. The
ANN model followed with an AUC of 0.80 and displayed a smooth, steadily rising curve
reflective of its high sensitivity. RF achieved a slightly lower AUC (0.77) but maintained a
sharp ascent in the low false-positive region, aligning with its strong recall performance. The
SVM-based models also performed reasonably well, with svmLinear and svmRadial
achieving AUCs of 0.79 and 0.78, respectively. Notably, symRadial exhibited a steeper rise
in sensitivity at early thresholds, suggesting stronger early recall, whereas svmLinear showed
a more gradual slope consistent with conservative classification behavior. These patterns
support the quantitative results in Table 4.4, confirming that XGBLinear and ANN models
offer the most balanced discriminative performance, while RF and SVMs may be preferable
in settings prioritizing sensitivity or specificity.

Feature selection results for recurrence prediction are summarized in Table 4.6. Across the
five models, surgery and chemotherapy were the only predictors retained consistently by all
algorithms, highlighting their critical role in determining the likelihood of disease recurrence.
Stage category and site category were selected by RF, ANN, and XGBLinear, reaffirming
their importance in risk stratification. Interestingly, models such as svmLinear and
svmRadial included a broader mix of demographic and clinical variables, such as age, marital
status, and histology category, reflecting their sensitivity to feature interactions.
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Table 4.6: Features Retained in Final Machine Learning Models for CRC Recurrence Prediction

Variable RF ANN  svmLinear svmRadial xgbLinear
Gender v v

Age vi v v

Marital status Vv Vi Vi
Surgery v v v v v
Radiation v

Chemotherapy v v v v v
Stage at Diagnosis v v v
Primary Tumor Site v v v
Histology — Behavior v v

A check mark (V) indicates that the corresponding variable was selected in the final version of each model. Blank

cells denote features that were excluded during the embedded feature selection process.

4.3.3 Vital Status Prediction

To predict vital status among CRC patients (alive vs. deceased), Five ML algorithms were
constructed and evaluated through a 10-fold nested cross-validation design with 500
bootstrap iterations for external validation. Vital status was defined based on the last
available clinical follow-up. The modeling process followed the same pipeline used in
previous outcomes, including preprocessing, resampling to mitigate class imbalance, and
embedded feature selection.

Within the training dataset, XGBLinear outperformed other models across most evaluation
metrics (Table 4.7), attaining an AUC score of 0.9563 and an accuracy rate of 0.8881, and a
balanced sensitivity (0.8811) and specificity (0.8910). The RF and svmRadial models
followed closely with identical accuracy (0.8394) and similar AUCs (0.8917 and 0.8778,
respectively), with strong NPVs (>0.90) and moderate PPVs. The ANN algorithm also
showed strong results, with an AUC of 0.8499, while preserving a good balance between
sensitivity (0.7649) and specificity (0.8382). Interestingly, svmLinear showed the highest
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sensitivity (0.8243) aside from XGBLinear, but with lower specificity (0.7422) and AUC
(0.8365), suggesting a model more sensitive to detecting deceased cases at the cost of some
false positives. All models displayed strong NPVs, indicating reliability in identifying
patients likely to remain alive.

Table 4.7: Training Set Evaluation Metrics for Machine Learning Models Predicting Vital Status in CRC Patients

Model Accuracy  Specificity Sensitivity NPV PPV AUC

RF 0.8394 0.8641 0.7804 0.9041 0.7056 0.8917
ANN 0.8166 0.8382 0.7649 0.8952 0.6637 0.8499
svmLinear 0.7664 0.7422 0.8243 0.9101 0.5717 0.8365
svmRadial 0.8394 0.8630 0.7829 0.9050 0.7047 0.8778
xgbLinear 0.8881 0.8910 0.8811 0.9472 0.7715 0.9563

Validation results emphasized the comparative advantages and limitations of each algorithm
when applied to unseen data (Table 4.8). The RF model yielded the top AUC value of
(0.8439), along with strong specificity (0.8431) and sensitivity (0.7276), underscoring its
balanced and robust classification performance. The ANN model also performed
competitively, with a high sensitivity (0.7515) and AUC (0.8357), making it effective in
identifying deceased cases. The svmLinear model prioritized sensitivity (0.7308) and
demonstrated solid discrimination (AUC = 0.8271), while the svmRadial model maintained
similar performance with a slightly lower AUC (0.8211). In contrast, the XGBLinear model,
despite its strong training performance, exhibited the lowest validation AUC (0.7971) and
sensitivity (0.6589), indicating possible overfitting. Across all models, NPV values remained
high (>0.85), highlighting their reliability in correctly identifying patients who are likely to
remain alive.

Table 4.8: Validation Set Evaluation Metrics for Machine Learning Models Predicting Vital Status in CRC Patients

Model Accuracy  Specificity Sensitivity NPV PPV AUC
RF 0.8090 0.8431 0.7276 0.8809 0.6600 0.8439
ANN 0.7957 0.8142 0.7515 0.8866 0.6289 0.8357

svmLinear 0.7759 0.7947 0.7308 0.8762 0.5975 0.8271
svmRadial 0.7938 0.8236 0.7218 0.8769 0.6297 0.8211

xgbLinear 0.7674 0.8128 0.6589 0.8506 0.5957 0.7971
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When evaluating performance across both training and validation sets, the XGBLinear model
emerged as the top performer in the training phase, with an outstanding an AUC of 0.9563,
along with high sensitivity (0.8811) and strong specificity (0.8910). However, it showed a
notable performance drop during validation (AUC = 0.7971), suggesting potential
overfitting. In contrast, the RF model demonstrated strong and stable performance across
both phases, with a validation AUC of 0.8439 and well-balanced sensitivity (0.7276) and
specificity (0.8431), highlighting its reliability and generalizability. The ANN model also
maintained consistent results, achieving a validation AUC of 0.8357 and balanced sensitivity
(0.7515) and specificity (0.8142), reinforcing its applicability in detecting high-risk patients.
The svmLinear and svmRadial models offered modest AUCs (0.8271 and 0.8211,
respectively) and preserved good NPVs across both sets, though their lower PPVs and
sensitivity-specificity trade-offs indicate more limited use cases. Notably, svmLinear
emphasized recall, while svmRadial prioritized a more balanced classification. Overall, RF
and ANN demonstrated the most robust and generalizable performance for vital status
prediction, with XGBLinear showing high training capacity but reduced external
performance, indicating the importance of validation in real-world applications.
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Figure 4.3: ROC Curves of Machine Learning Models for Predicting Vital Status in CRC Patients (Training Set)

Figure 4.3 presents the ROC curves of the five ML models applied to predict vital status in
CRC patients based on the training set. These curves illustrate each model’s sensitivity-
specificity trade-off across thresholds, with the AUC representing their ability to differentiate
between deceased and surviving patients.

Among all models, the XGBLinear achieved the highest AUC (0.96), indicating superior
discriminative performance. The RF and svmRadial models also performed robustly, with
AUCs of 0.89 and 0.88, respectively, suggesting strong generalization with balanced
classification. The ANN model followed with an AUC of 0.85, maintaining reliable
sensitivity and precision. The svmLinear algorithm achieved an AUC of 0.84, demonstrating
its effectiveness in identifying mortality cases, albeit with a slightly more conservative curve.

Overall, all models exhibited high AUCs (>0.83), affirming their predictive value. Notably,
XGBLinear, RF, and svmRadial demonstrated excellent performance for vital status
prediction and are promising tools for risk stratification in clinical settings.

Feature selection results for vital status prediction are presented in Table 4.9. Age, surgery,
and stage category were the only predictors selected by all five ML models, underscoring
their consistent and critical relevance in CRC survival prediction. Gender, radiation, site
category, and histology category were each retained by four models, further highlighting
their strong predictive utility. Chemotherapy, palliative care, and regional lymph node
involvement were selected by three models, while marital status and immunotherapy
appeared in only two (ANN and xgbLinear). The variation in selected features—particularly
among demographic and treatment-related variables—reflects the distinct ways in which
each algorithm prioritizes information. Nonetheless, the overlap in core clinical predictors
across models suggests a high degree of consensus on the most influential factors in
determining vital status among CRC patients.
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Table 4.9: Features Retained in Final Machine Learning Models for Vital Status Prediction

Variable RF ANN  svmLinear svmRadial XgbLinear
Gender v v v v
Age v i v v v
Marital v v
Surgery v v v v v
Radiation v v v v
Chemotherapy v v v
Immunotherapy v v
Palliative v v v

Regional Lymph Node v v v

Stage at Diagnosis v v v v v
Primary Tumor Site v v v v
Histology — Behavior v v v v

A check mark (V) indicates that the corresponding variable was selected in the final version of each model. Blank

cells denote features that were excluded during the embedded feature selection process.

4.4 Discussion

This chapter presented an in-depth comparison of five ML models, including Random Forest
(RF) and Support Vector Machines using both linear and radial kernels (svmLinear and
svmRadial), Extreme Gradient Boosting using a linear booster (XGBLinear), and Artificial
Neural Networks (ANN)—for predicting three critical CRC outcomes: cancer status,
recurrence, and vital status. Using clinical data from 1,314 patients treated at King Fahd
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Specialist Hospital in Dammam, Saudi Arabia, the primary objective was to identify robust
and generalizable models that could enhance prognostic accuracy, inform personalized
treatment strategies, and support clinical decision-making in a regional healthcare context.

All models demonstrated acceptable to strong performance, achieving AUC scores above
0.78 in the majority of tasks, underscoring the feasibility of applying ML to CRC outcome
prediction. For cancer status prediction, ANN and XGBLinear emerged as the most balanced
and consistent classifiers, demonstrating strong generalization across training and validation
sets. While RF offered the highest specificity and PPV, its relatively lower sensitivity
suggests a conservative bias, making it well-suited for confirmatory assessments rather than
broad screening. The SVM models revealed distinct trade-offs—svmRadial prioritized
recall, while svmLinear emphasized specificity—highlighting their respective roles in
context-dependent applications.

For recurrence prediction, XGBLinear again outperformed other models during both the
training phase (AUC = 0.8172) and validation phase (AUC = 0.7641), showing the best
overall balance between sensitivity and specificity. RF maintained the highest validation
sensitivity (0.7717), indicating strong potential for capturing recurrence cases early, which
is essential in clinical surveillance. ANN offered the highest training sensitivity (0.8611) but
showed moderate performance on validation, suggesting some overfitting. SVM models
maintained moderate and acceptable performance with different emphases—svmLinear
favoring recall and svmRadial offering higher specificity—demonstrating their flexibility in
clinical decision contexts depending on the cost of misclassification.

In the vital status prediction task, the XGBLinear model achieved the highest AUC (0.9563)
on the training set but experienced a decline in validation (AUC = 0.7971), indicating a
potential overfitting issue. RF, by contrast, demonstrated stable performance across datasets
with a validation AUC of 0.8439 and balanced sensitivity (0.7276) and specificity (0.8431),
making it the most reliable overall classifier for survival prediction. ANN also maintained
strong performance (validation AUC = 0.8357), with balanced metrics that support its utility
in mortality risk stratification. Both SVM variants achieved AUCs above 0.82 in training and
0.82—0.83 in validation, reinforcing their reliability as secondary models when precision or
recall is prioritized.

Feature selection analyses revealed several consistently retained predictors across all three
outcomes. Variables such as stage at diagnosis, primary tumor site, regional lymph node
involvement, and surgery were selected by nearly all models, reaffirming their prognostic
importance. Radiation, chemotherapy, and age were also frequently retained, particularly in
recurrence and survival tasks. Notably, demographic features such as gender and marital
status showed variable importance across models, suggesting that their predictive value may
depend on model architecture or outcome-specific interactions.
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This study is among the first in the region to apply a rigorous, nested cross-validation and
bootstrap-based comparison of ML models for multi-outcome CRC prediction using
hospital-based clinical data. Despite its strengths, several limitations merit consideration.
First, the dataset, although well-structured and representative of tertiary care, is limited to a
single institution, which may restrict external generalizability. Second, the low prevalence
of recurrence constrained model calibration, even with class balancing strategies such as
SMOTE and up-sampling. Third, the study used only structured clinical variables, excluding
genomic, molecular, and behavioral data, which could enhance model precision.

In conclusion, the findings of this chapter underscore the promise of ML in predicting
recurrence, cancer status, and vital status in CRC patients. While XGBLinear and RF
consistently performed best across outcomes, ANN offered a strong alternative when
sensitivity is clinically prioritized. The models developed here demonstrate potential to
support individualized care pathways and improve CRC outcome monitoring in Saudi
Arabia. Future work should focus on expanding data sources through multi-center
collaborations, incorporating multi-omics data, and prospectively validating these models in
clinical workflows to optimize their practical utility and impact.
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5. The Impact of Transitions in Cancer Control Policies on

Colorectal Cancer Prevalence, Incidence, and Mortality

5.1 Background

Throughout the previous few decades, the global burden of cancer has continued to rise,
making it a major public health challenge worldwide [136]. In response, countries have
implemented a range of cancer control initiatives, including the establishment of population-
based cancer registries [137], national screening programs[138], and public health
campaigns aimed at reducing Changeable risk factors like smoking, lack of exercise, and
poor dietary habits [139]These evolving strategies reflect a global commitment to improving
cancer prevention, early detection, and access to timely, effective treatment. Tracking
changes in cancer rates—including prevalence, incidence, and death—is essential for
assessing how well these strategies are working [140]. For example, the introduction of
screening programs often results in an initial rise in reported cases due to enhanced
detection[141], while the decline in cancer-related death rates over the past 30 years has
largely been attributed to improved screening and reduced tobacco use—outcomes driven by
public health campaigns and legislative actions, as highlighted by the American Association

for Cancer Research [142]

Evaluating the effectiveness of CRC control policies requires a comprehensive assessment
of their impact on prevalence, incidence, and mortality rates, as well as their cost-
effectiveness and population-level adherence. Recent literature underscores the multifaceted
nature of CRC prevention, highlighting the importance of evidence-based policies that are
comprehensive, accessible, and economically sustainable[143]. Effective CRC control
strategies often include early detection initiatives, population-based screening programs, and

efforts to ensure equitable access to healthcare services[144].

Studies from various regions have shown that multi-level prevention strategies can be
effective but often vary in impact due to differences in implementation, awareness, and
resources[ 145]. Cost-effectiveness analyses emphasize the benefits of early-stage detection

in reducing treatment costs and improving outcomes [144]. Screening participation,
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particularly through methods like the fecal immunochemical test (FIT), has been linked to
significant reductions in mortality[ 146], while innovations like multi-target stool DNA tests
also show promise [147]. Policy-level interventions, such as health insurance mandates, have
shown measurable impact; for example, Preston et al. (2023)[148] found that such mandates
increased up-to-date CRC screening by 2.8 percentage points post-ACA implementation,
equivalent to an estimated 2.37 million additional screenings. Their findings underscore the
role of reduced out-of-pocket costs in increasing access to preventive services and advancing
precision public health. Despite these advancements, challenges remain in ensuring public
adherence due to complex guidelines [149], underscoring the need for context-sensitive

policies, clear communication, and continued efforts to reduce disparities in CRC care.

To support effective monitoring and timely policy interventions, control charts have become
essential tools in analyzing cancer trends. Developed by Walter A. Shewhart in the 1920s as
part of Statistical Process Control (SPC) [150], these charts are now widely used in
healthcare to track indicators such as incidence, recovery times, and mortality rates [151].
Their role in cancer epidemiology has expanded, helping researchers detect unexpected
variations or shifts in trends. Advanced models - like the Cumulative Detection Error Chart
(CDEC) - are particularly effective for analyzing incomplete or irregular healthcare
data [151], A recent population-based study|[152] highlighted that transitions between ICD
coding systems can significantly affect disease prevalence estimates, emphasizing the need
to account for such changes in longitudinal analyses. Another study demonstrated that while
control charts are effective in monitoring chronic disease trends, their reliability depends

heavily on data quality and methodological rigor [153].

Although global research has highlighted the value of cancer control policies and statistical
tools like control charts, few studies have integrated population level policy evaluations with
SPC techniques particularly in the context of CRC trends in KSA. Existing literature in the
Kingdom has largely focused on descriptive statistics, registry-based summaries, or the
evaluation of individual policies, such as the Saudi Cancer Registry or national CRC
screening programs. However, a comprehensive analysis that links cancer control policy
transitions to changes in CRC prevalence, incidence, and mortality through robust SPC

methodologies remains largely unexplored.
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This research seeks to address this gap by assessing how key policy interventions have
influenced CRC patterns in KSA. Using longitudinal, population-based data from 1990 to
2021, this study applies control charts to detect statistically significant shifts in CRC
prevalence, incidence, and mortality before and after key policy implementations. By
aligning policy timelines with statistical trend monitoring, the study seeks to assess the
effectiveness of KSA’s cancer control strategies and provide evidence to inform data-driven

healthcare planning and policy optimization.
5.2 Methods

5.2.1 Data source, exclusion, and inclusion approach

Data for this study were extracted from the GBD Report 2021, a comprehensive
epidemiological database that provides systematically collected estimates for incidence,
prevalence, and mortality across various diseases and risk factors. The GBD framework
covers seven super-regions, 21 regions, and 204 countries and territories, utilizing rigorous
statistical modeling and validation methodologies to ensure data accuracy and comparability

across time and locations.

To acquire the data that is required, this study utilized the Global Health Data Exchange
(GHDx) tool (https://ghdx.healthdata.org/gbd-2021, accessed on 01 February 2025). The
selected cause was ‘colon and rectum cancer’, and the measures included Prevalence,

Incidence and Deaths.

Additionally, population estimates were extracted separately as GBD population estimates,

independent of disease-specific metrics.

For this study, data were specifically extracted for KSA, focusing on CRC trends. The dataset
included 14 Age groups: 20-24, 25-29, 30-34, 35-39, 40-44, 45-49, 50-54, 55-59, 60-64,
65-69, 70-74, 75-79, 80—84, and 85 years and older, 4 Time intervals: 1990-1995, 1996—
2007, 2008-2016, 2017-2021 and gender

The GBD Results Tool was used to extract only the relevant epidemiological metrics,
ensuring that all non-selected variables were systematically excluded. This structured

approach allows for a precise assessment of CRC burden trends in KSA, facilitating informed
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analysis and policy recommendations. The study then selected the included nation based on
the established inclusion criteria, ensuring consistency and relevance to the research

objectives.

5.2.2 Defining Study Periods by Policy Transitions:

The evolution of cancer control policies in KSA reflects a gradual and strategic
transformation, aligned with national healthcare priorities and global best practices. This
development can be categorized into distinct phases, each characterized by specific

advancements and challenges.
1. 1990-1995: The Foundation Phase

This phase represented the initial steps taken by KSA to confront the escalating impact of
cancer. The focus was primarily on collecting data and building the foundational
infrastructure for healthcare, with an emphasis on cancer incidence and prevalence. In 1992,
the Saudi Cancer Registry (SCR) was established as a population-based registry[154]. Its
primary aim was to document cancer cases and provide essential data for understanding the
disease's trends across the Kingdom[155]. However, challenges such as incomplete data
linkage with mortality statistics, primary care, and hospital records limited the effectiveness

of these early efforts[156], [157]

The early 1990s also saw the introduction of palliative care services by King Faisal Specialist
Hospital and Research Centre (KFSH&RC) [158]. Initially launched as a home care service,

this initiative marked a significant step towards patient-centered cancer care in KSA[159].

The focus of this stage is to establish foundational data collection without structured
programs or prevention strategies, which limit its effectiveness in comprehensive cancer

control.
2. 1996-2007: Early Prevention and Care

This phase marked the beginning of proactive cancer care, with a focus on the formalization
of palliative care and early awareness initiatives targeting modifiable risk factors. In 1996,
KFSH&RC transitioned its palliative care services into a hospital-wide consultation

program[160] formally establishing the Palliative Care Medicine section within the
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Department of Oncology. This was followed by the founding of the Saudi Oncology Society
(SOS) in 2007 to advance scientific knowledge, improve cancer management, and develop
national guidelines for cancer care [161], [162]. In the same year, the Saudi Cancer Society,
headquartered in Riyadh, and the Abdul Lateef Charitable Screening Center formed a non-
governmental partnership to create the first breast cancer screening facility in the country
[163] . This period laid the foundation for future structured prevention programs while

addressing cancer care needs for advanced cases.
3. 2008-2016: Structured Screening and Prevention

This phase saw the scaling up of national-level programs and the introduction of
comprehensive policies for cancer prevention and control. During this period, organized
screening programs for various cancers were implemented, along with increased public
health initiatives targeting lifestyle-related risk factors. A significant milestone in 2008 was
the launch of the National Program for Cancer Prevention, which laid the groundwork for
structured national interventions [164] . The Saudi Ministry of Health (MOH) initiated a
localized, community-focused intervention known as the Crown Health Project in the Al-
Jouf region [165], a northern region of KSA. This initiative aimed to assess the feasibility
and effectiveness of targeted prevention strategies with the ultimate goal of expanding the
program nationwide [166]. The project aimed to prevent non-communicable diseases
through a multi-step approach that included screening for lifestyle-related risk factors,

reviewing medical histories, and conducting physical and biochemical assessments.

A new national health care plan was established in KSA in 2011[167], with an emphasis on
raising the standard of preventative, curative, and rehabilitative care. one of the primary
goals. KSA has been enacting stringent legislation that forbids smoking indoors and in public
spaces and controls the labeling and packaging of tobacco products. Additionally, the
Ministry of Health launched a four-year (2008-2011) eHealth project [168] to enhance
digital health services across healthcare facilities. By 2011, the strategy was fully integrated

into hospitals in major cities, modernizing healthcare delivery and data management.

A significant advancement occurred in 2012 with the introduction of the Nationwide Breast

Cancer Screening Program by the Ministry of Health [169]. This initiative reflected growing
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public awareness and policy-driven action to enhance the timely identification and clinical
management of breast cancer. Further strengthening cancer control efforts, in 2016, the Saudi
National Cancer Institute (SANCI) was established under the Saudi Health Council [170] to

coordinate and develop national strategies for cancer control.

This period marked the transition from awareness campaigns to structured programs,
focusing on prevention, early detection, and risk factor management. Additionally, efforts
were directed towards developing structured cancer screening programs and national
guidelines for cancer management, with key contributions from the Saudi Oncology Society

in establishing standardized, evidence-based protocols.
4. 2017-2021: Vision 2030 Reforms

This period was marked by transformative healthcare reforms aligned with Vision 2030, with
a strong emphasis on preventive care and addressing modifiable risk factors. A key milestone
in 2017 was the implementation of excise taxes, including a 100% tax on tobacco products
and energy drinks and a 50% tax on soft drinks, as part of broader public health efforts to
reduce tobacco use and encourage healthier lifestyles[167]. In the same year, CRC screening
programs were integrated into national healthcare strategies, alongside the introduction of
advanced therapies such as proton therapy at King Fahd Medical City[171]. The Al-Kharj
CRC screening program was launched in 2017 as a five-year initiative (2017-2022) in a
central urban area of Riyadh Province to evaluate participation and effectiveness in detecting

CRC in average-risk individuals [172].

As 0f 2019, the revised Saudi National Immunization Program included HPV vaccination as
a standard part of immunization for females to help prevent HPV-related cancers, while the

vaccine remained optional for males in KSA[173].

Further reinforcing these efforts, Vision 2030°s Health Sector Transformation Program
placed a strong emphasis on non-communicable diseases (NCDs) and cancer

prevention[174].

This phase underscored the importance of preventive care, leveraging public policy

interventions to reduce the cancer burden while promoting healthier lifestyles through
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taxation, regulation, and public awareness campaigns. The reforms aimed to enhance
healthcare equity and accessibility, ensuring that individuals across KSA benefit from early

detection and preventive healthcare measures.

5.2.3 Statistical analyses
Annual analyses were conducted throughout the GBD timeframe (1990-2021), utilizing
descriptive metrics—including averages, standard deviations, and proportions—to outline

the population’s demographic characteristics.

We fit counts of cases for CRC prevalence, incidence and deaths in each age group and sex
stratum for the j™ year (j=1,..., m; m=32) to three negative binomial regression models (M1),
a generalization of Poisson regression models (M2) that relax the restrictive assumption that
the variance is equal to mean. To reduce Type 1 error risks, the likelihood ratio test was used
to evaluate the model's goodness of fit, using a significance threshold of a = 0.01. To
determine the most appropriate model, the ratio of residual deviance to degrees of freedom
(df) was examined [175] [176] [177]of the Poisson regression and negative binomial models

were also examined.

The models incorporated an offset term defined as the natural logarithm of the population
size for each combination of age and sex. Age group and sex were the main factors in the
three models. Together with the annual regression coefficient Bj= (bxj), k=0, 1,..., (p — 1),
the models generated annual estimates for age- and sex-adjusted prevalence, incidence, and
mortality. Each model involved estimating a total of 15 parameters (p = 15). Female was
used as the reference group for sex, while the 40—44 year age category served as the baseline
for age. For each year j, the model parameters comprised an intercept term (boj) and slope

coefficients ranging from bij,..., bi4;.

We calculated the mean annual percentage change in the age- and sex-standardized
prevalence, incidence, and mortality of CRC for four time segments, Segment 1 (1990—
1995), Segment 2 (1996-2007), Segment 3 (2008-2016) and Segment 4 (2017-2021) This
segmentation allows for an assessment of trends in CRC burden over time, facilitating a
better understanding of disease progression and the effectiveness of public health

interventions.
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For each year of the GBD research period (1990-2021), we tracked and signaled changes in
the regression model parameter estimates using Hotelling's T2 control chart [178][179]. This
methodology was used to monitor changes in the trends of CRC mortality, incidence, and
prevalence over time. Our hypothesis was that consistency in the projected CRC burden

would be shown by stability in the model parameters.

The regression model parameter estimations are simultaneously tracked using Hotelling's T2
statistic; if the statistic rises above a predetermined control limit value[180], an out-of-
control signal is generated [181]. This method makes it possible to spot notable variations in
CRC prevalence, incidence, and death, which could be the result of underlying changes
brought about by policy modifications, public health initiatives, or other variables affecting

disease patterns.

In order to identify the existence of autocorrelation[182] (and calculate the autocorrelation
coefficient) between years, we employed the Durbin- Watson[183] test statistics, since
prevalence, incidence and mortality estimates for later years can include the same people.
Autocorrelation significantly impairs control chart performance[184] by violating the
assumption of independence among observations, leading to increased false alarms and
reduced detection capabilities[185] . show that ignoring autocorrelation leads to frequent

false signals, undermining the effectiveness of SPC systems[186]

In our study, we employed a U-statistic approach to mitigate the effects of autocorrelation in
assessing changes in regression model parameters over time[187]. U-statistics, introduced
by Wassily Hoeffding in 1948[188], are a class of unbiased estimators defined as the average
value of a real-valued function computed over all possible subsets of a given size from a

sample. This methodology has been widely applied in various fields[187].

The coefficients for the negative binomial regression model were estimated as ﬁ = (bk j)
fork =0,1,...,(p — 1), where p represents the total number of estimated parameters. These
coefficients were obtained through MLE. To account for autocorrelation, the estimated

parameters were adjusted using a U-statistic [189][187]. defined as

Ui = (boj,b'v; s bly) = Ay when) = 1
j = \PoplajePpj) = A -3 4274 A, when j=2,..,m
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Here b'y; represents the adjusted estimated intercept, while b'y;, ..., b’y correspond to the
adjusted estimated slope parameters for the j'* year, The adjusted parameter vector is
defined as K]- = [? i/ (1 — @), where ¢ denotes the estimated value of the autocorrelation
parameter , computed using the Durbin-Watson test statistic. Additionally, X y denotes the
covariance matrix of K]- . The vectors Ujs are assumed to be independently and normally

distributed, with their respective mean vector and covariance matrix expressed as follows:

A, whenj =1
Wy; = -1 -
j Ma; — Zj,j_lzj_l,j_lu;,j_l, when j=2,...,m
5 X1, whenj =1
Ui — 2]’] - Zj,j_lzj-__ll’]-_lzj_lj, when ] = 2, e, m

In our chapter, U statistics are specifically employed to monitor the estimated regression
model parameters for CRC during a 32-year period (1990-2021). This approach allows us
to detect significant changes in prevalence, incidence and mortality estimates when

transitioning between cancer control policies.

The use of U statistics in this study is complemented by control charts, which help
visualize the stability of the estimates and identify any out-of-control observations that may
indicate significant shifts in CRC prevalence, incidence and mortality. where the estimate

for the jth year is adjusted for correlation in the preceding (i.e., j — 1) year [190][187].

This is what Hotelling's T2 statistic[180] [191][187]for the jth year is:

7 = (Uj — o) 25" (Uj — o)
and plotted against an upper control limit (UCL) of.

_pm—1)(m+1)

UCL
m(m —p)

a,pm=p

and zero as the lower control limit (LCL). With mean p;; and covariance matrix £;; , Uj is
the vector of adjusted regression model parameters, which are presumed to be independently

and normally distributed.
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In the previous equation, a is the nominal level of significance, and F is the critical value of
the F distribution with degrees of freedom p and m—yp. When a = (1/370), The choice of a

aligns with standard SPC practices, where the expected Average Run Length (ARL) for an
in-control process is conventionally set to 370 observations before a false alarm occurs [192].
The control limit was 24.2. One can estimate the covariance matrix X; and mean vector yy

from a training dataset or reference sample[152].

Finding the mean and covariance of Uj across all j allows one to estimate the mean vector
and covariance matrix from Uj in the absence of a reference sample [152]. When test
statistics fall within the LCL and UCL, it is considered an in-control observation; otherwise,
it is considered an out-of-control observation. To determine if cancer control policies had an
impact on the prevalence, incidence and mortality estimates of a CRC, at least one out-of-

control observation during a transition period was required.

This study monitors the entire transition period to capture multiple policy changes that
occurred at different points within the period. In this study, the transition periods correspond
to major shifts in healthcare policies and screening programs. The first transition period was
set between 1995 and 1999, coinciding with the early efforts in structured cancer control.
The second transition period spanned 2006 to 2010, marking the introduction of national
cancer screening initiatives, and the third transition period covered 2015 to 2019, reflecting
the implementation of Vision 2030 reforms that emphasized preventive healthcare and CRC
screening By analyzing the entire transition period, this approach ensures that all relevant
policy shifts within each period are accounted for, providing a comprehensive assessment of

their impact on CRC prevalence and healthcare trends.

5.3 Results

5.3.1 Characteristics of the Study Population

Table 5.1 provides a description of the research population's demographics for a few chosen
study years. The study population aged 20 years and older increased from 7.6 million in 1990
to 27.6 million in 2021. During this period, the average age rose slightly from 36.8 years
(SD: 13.7) to 38.7 years (SD: 12.2). The proportion of females remained relatively stable,
ranging from 39.4% in 1990 to 39.7% in 2021.
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Table 5.1: Demographic Characteristics of the Study Population in Selected Years

Characteristics | 1990 1995 2000 2005 2010 2015 2021

N 7645015 9442757 | 11138698 | 13565253 | 17694075 | 22430194 | 27570815

Age, mean (SD) | 368 (13.7) | 37.1 374(135) | 372(132) | 36.8(12.7) | 37.2(123) | 38.7(12.2)
(13.5)

Female (%) 394 395 405 41.0 40.6 40.0 39.7

5.3.2 Goodness of fit tests for regression models

We assessed the goodness of fit for M1 (Negative Binomial model) and M2 (Poisson model)
across models constructed using prevalence, incidence, and mortality data. The likelihood
ratio test rejected the null hypothesis (dispersion parameter = 0) for all three models (p <

0.01), indicating significant over-dispersion in the data.

Additionally, the ratio of residual deviance to degrees of freedom (df) was consistently lower
for the Negative Binomial model (M1) than for the Poisson model (M2), confirming its
superior fit. The Poisson model performed particularly poorly for the prevalence dataset,
where the ratio was 91.51, compared to 12.90 for the Negative Binomial model, highlighting
substantial over-dispersion. Similarly, for the incidence dataset, the Poisson model had a

ratio of 18.71, whereas the Negative Binomial model had a lower value of 11.47.

For the mortality dataset, while both models produced similar ratio values, the likelihood
ratio test yielded a p-value of 0, confirming the presence of over-dispersion. This result
indicates that the Negative Binomial model provides a statistically better fit even for the

mortality dataset.

Given these findings, we selected the Negative Binomial model as the preferred model for
all three datasets to ensure consistency in analysis and better account for potential over-

dispersion in the data.
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Figure 5.1: Comparing Model Fit for Poisson and Negative Binomial Regression for prevalence, incidence and
mortality.

5.3.3 Age- and sex-adjusted prevalence, incidence and mortality

Table 5.2 presents the prevalence, incidence, and mortality rates (per 100,000 population)
along with the average annual rate of change (%) across the four key policy transition periods
of cancer control efforts in KSA. These periods reflect major milestones in prevention,

screening, and treatment policies, shaping the overall burden of CRC.

During the Foundation Phase (1990-1995), the prevalence rate increased from 27.2 per
100,000 in 1990 to 32.7 per 100,000 in 1995, marking the initial phase of cancer data
collection with limited structured prevention efforts. Similarly, the incidence rate increased
from 5.7 to 6.4 per 100,000, while the mortality rate showed minimal growth, rising from
4.3 to 4.5 per 100,000 during this period. The average annual rate of change in prevalence
was 8.3% (95% CI: 8.02-8.61), while incidence and mortality increased at annual rates of

6.91% (95% CI: 6.26-7.55) and 5.56% (95% CI: 4.82—6.31), respectively.

The Early Prevention and Care Phase (1996-2007) saw structured cancer control efforts,
including the establishment of screening initiatives and national guidelines. The prevalence

rate rose from 33.7 per 100,000 in 1996 to 53.2 per 100,000 in 2007, with an average annual
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increase of 8.25% (95% CI: 8.15-8.35). Incidence and mortality also followed an upward
trend, reaching 10.2 and 5.9 per 100,000, respectively, with annual increases of 8.44% (95%
CI: 8.27-8.60) and 6.41% (95% CI: 6.21-6.61), respectively.

In the Structured Screening and Prevention Phase (2008—2016), national screening programs
and prevention initiatives were introduced, leading to an increase in prevalence from 55.1
per 100,000 in 2008 to 67.6 per 100,000 in 2016, although at a slightly lower annual growth
rate of 7.27% (95% CI: 7.09-7.46). Incidence and mortality continued to rise, reaching 11.4
and 5.2 per 100,000, respectively, with annual increases of 6.23% (95% CI: 6.05-6.42) and
3.44% (95% CI: 3.21-3.67), respectively.

The Vision 2030 Reform Phase (2017-2021) emphasized preventive care, taxation policies,
and national CRC screening programs. The prevalence rate reached 77.1 per 100,000 in
2021, but the rate of increase slowed to 4.99% (95% CI: 4.54-5.43), suggesting a potential
stabilization in disease burden. Incidence rose to 12.5 per 100,000, while mortality increased

at the slowest rate among all periods, reaching 5.3 per 100,000, with an annual increase of

3.85% (95% CI: 3.36-4.34).

Across all policy transition periods, prevalence, incidence, and mortality exhibited an overall
upward trend, albeit at varying rates depending on policy efforts. The most significant growth
was observed in the Early Prevention and Care Phase (1996-2007), while a gradual
stabilization occurred in the most recent period (2017-2021), reflecting the impact of cancer

prevention and early detection strategies in KSA.
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Table 5. 2: Prevalence, incidence and mortality and their average annual rate of change (%)

CRC Metric | Segment 1: 1990—1995 Segment 2: 1996—2007 | Segment 3: 2008—2016 | Segment 3: 2017—2021
1990 | 1995 | Average 1996 | 2007 | Average 2008 | 2016 | Average 2017 | 2021 | Average
annual annual annual annual rate
rate rate rate of change
of change of change of change (95% CI)
(95% CI) 95% CI) 95% CI)
Prevalence 27.2 |32.7 |83 33.7 | 53.2 | 8.25(8.15, |55.1 |67.6 | 7.27(7.09 694 | 77.1 | 499 (4.54
8.35)
(8.02, 8.61) , 7.46) ,5.43)
Incidence 57 |6.4 6.91 (6.26, | 6.5 10.2 | 8.44 (8.27, | 103 | 11.4 | 6.23(6.05, | 11.6 | 12.5 | 5.12(4.71,
7.55) 8.60) 6.42) 5.54)
Mortality 43 |45 5.56(4.82, | 4.6 |59 |641(6.21 58 |52 |3.44@3.21, |51 5.3 | 3.85(3.36,
6.31 3.67 4.34
) , 6.61) ) )

Note: Age- and sex-adjusted prevalence per 100,000 population
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5.3.4 Result

The control charts for CRC prevalence, incidence, and mortality highlight significant
deviations in specific years across the four policy transition phases in KSA. These
deviations suggest shifts in CRC trends, likely influenced by major healthcare reforms,

screening initiatives, and changes in reporting practices.

In the prevalence control chart, CRC prevalence followed a consistent increasing trend
across all segments. During the first segment (1990-1995), the year 1995 exceeded the
upper control limit (UCL), indicating a statistically significant deviation. This shift likely
corresponds with the establishment of the Saudi Cancer Registry (SCR) in 1992, which
improved cancer case documentation and led to more complete case identification. In
segment two (1996-2007) and segment three (2008-2016), prevalence remained within
control limits, reflecting a stable trend as screening and prevention programs became more
structured. However, in segment four (2017-2021), the year 2021 again exceeded the UCL,
suggesting a notable deviation in CRC prevalence. This could be attributed to expanded
national CRC screening programs, which enhanced case detection. Alternatively, it may
reflect delayed diagnoses due to COVID-19-related healthcare disruptions, resulting in an

increased number of cases being diagnosed in 2021.

The incidence control chart follows a similar trajectory. The year 1995 in segment one
(1990-1995) exceeded the UCL, aligning with improved cancer reporting efforts initiated
by the SCR. In segment two (1996-2007) and segment three (2008—2016), incidence rates
fluctuated but remained within control limits, implying a gradual and expected increase in
newly diagnosed cases. However, in segment four (2017-2021), the year 2021 approached
the UCL, with a T? value of 24.13 against the control limit of 24.2, indicating a marginal
but notable deviation in CRC incidence. This increase is likely due to the expansion of
CRC screening programs and heightened awareness, leading to higher detection rates.
Additionally, international studies [193] have reported delays in routine screenings during
the COVID-19 pandemic, leading to a backlog of undiagnosed cases that may have
contributed to the rise in CRC diagnoses in 2021. While no specific study in KSA has
examined this impact, the observed increase in incidence aligns with global trends where

cancer detection rates rebounded following disruptions in healthcare services during the

120



pandemic. Further investigation is warranted to determine the extent to which these factors

influenced CRC incidence trends in KSA.

The mortality control chart presents a somewhat different trend. The year 1992 exceeded
the UCL in segment one (1990-1995), suggesting a significant shift in reported CRC-
related deaths, potentially due to enhanced case tracking following the establishment of the
SCR. In segment two (1996-2007) and segment three (2008—2016), no years exceeded the
control limits, indicating relatively stable mortality trends. However, in segment four
(2017-2021), the year 2021 again surpassed the UCL, signaling a deviation in CRC
mortality. While this does not directly indicate an increase in late-stage diagnoses, it
suggests that despite improved screening efforts, CRC-related deaths did not decline
significantly. One possible explanation is that pandemic-related healthcare disruptions in
2020 may have delayed cancer diagnoses and treatments, leading to an increase in CRC-
related mortality in 2021. Global studies have highlighted how delays in cancer screenings,
postponed treatments, and healthcare system strain during the COVID-19 pandemic
contributed to increased mortality across various cancer types [194][195]. The observed
mortality shift in 2021 may align with these broader patterns. This underscores the need
for continued improvements in early detection, treatment accessibility, and survivorship

care to further reduce CRC mortality.
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Figure 5.2: Control Chart for Prevalence, Incidence and Mortality; Horizontal dashed line represents the upper
control limit of 24.2; Vertical dashed lines represent the end of the transition periods.
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5.4 Discussion

We used control charts to monitor the estimated regression model parameters for CRC
prevalence, incidence, and mortality in KSA over a 32-year period (1990-2021). This
period was characterized by four major phases of cancer control policies, reflecting the
evolving landscape of cancer prevention, screening, and treatment efforts. Unlike previous
studies that assessed the impact of changes in disease classification systems[187], [196]
(e.g., ICD transitions) on prevalence estimates, our study focused on identifying significant

shifts in CRC trends corresponding to key policy and healthcare system transformations.

Our results revealed significant deviations in CRC prevalence and incidence in 1995, and
in mortality during 1992. In 2021, all three outcomes showed elevated T? values. While
prevalence and mortality exceeded the control limit, incidence approached it closely, with
a T? value of 24.13 against a limit of 24.2, suggesting a borderline deviation. The 1995
deviation in prevalence and incidence coincides with the establishment of the Saudi Cancer
Registry (SCR) in 1992, a milestone that improved cancer reporting and case
documentation across healthcare facilities. The increased prevalence and incidence
observed in this period likely reflect enhanced case identification rather than an actual
surge in CRC occurrence. In contrast, the 2021 deviations align with the expansion of
national CRC screening programs, which facilitated earlier detection of CRC cases,
contributing to a recorded increase in prevalence and incidence. Additionally, disruptions
in healthcare services during the COVID-19 pandemic may have led to delayed diagnoses
in 2020, resulting in a backlog of cases being detected in 2021.

The mortality trends differed slightly from prevalence and incidence. The earliest deviation
in mortality appeared in 1992, suggesting a possible increase in reported CRC-related
deaths as an early impact of improved case tracking after the implementation of the SCR.
CRC mortality trends remained relatively stable throughout much of the study period, with
two notable deviations in 1992 and 2021. Despite improvements in screening and treatment
accessibility, there was no consistent downward trend in mortality, highlighting ongoing
challenges in treatment outcomes and survivorship care. The 2021 deviation in mortality
may be attributed to multiple factors. While increased screening programs have improved

early CRC detection, survival outcomes have not necessarily kept pace, indicating a gap in
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treatment efficacy or accessibility. Additionally, pandemic-related disruptions in CRC care
may have delayed diagnoses and treatments, potentially contributing to increased mortality
in 2021. This finding underscores the need for further enhancements in early detection

strategies, treatment accessibility, and survivorship care to reduce CRC-related mortality.

A key strength of our study is the application of control charts to assess shifts in CRC
trends in response to policy interventions, providing a data-driven approach for evaluating
the impact of healthcare reforms. However, our findings should be interpreted in the
context of certain limitations. While control charts effectively identify statistical
deviations, they do not pinpoint the specific underlying causes of these shifts. Additional
analyses, incorporating stage-specific CRC data and treatment outcome assessments,
would be necessary to determine whether the observed trends are linked to changes in early

detection rates, treatment efficacy, or disease progression patterns.

Overall, our study highlights the positive impact of structured cancer control policies on
improving CRC detection in KSA, particularly following the establishment of the national
cancer registry and the expansion of screening programs. However, the continued
challenges observed in CRC mortality trends suggest the need for integrated strategies
focusing on both early detection and effective treatment interventions. Future research
should explore longitudinal survival analyses, treatment accessibility disparities, and the

role of lifestyle factors in shaping CRC trends in KSA.
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6. Conclusion and Prospects for Future Research

6.1 Conclusion

This thesis investigated CRC outcomes in Saudi Arabia through a comprehensive and
multi-tiered analytical framework. By integrating clinical data from 1,314 patients at King
Fahd Specialist Hospital with population-level statistics from the Global Burden of Disease
(GBD) 2021 dataset, the study addressed three major research objectives: (1) identifying
significant clinical predictors of recurrence, survival, and cancer status; (2) evaluating the
predictive performance of traditional statistical and ML models; and (3) assessing the

impact of national cancer control policy transitions on CRC trends from 1990 to 2021.

Multivariate logistic and Cox regression analyses revealed that tumor site, disease stage,
regional lymph node involvement, and treatment modalities (e.g., surgery, chemotherapy,
immunotherapy) were significant predictors across all three CRC outcomes: recurrence,
cancer status, and vital status. Age also emerged as a consistent demographic predictor.
These findings confirm the utility of conventional regression models for outcome
prediction and underscore the importance of clinical and pathological variables in patient

stratification.

ML techniques further advanced the analytical framework. Five algorithms—REF,
svmLinear, svmRadial, XGBLinear and ANN—were compared using a rigorous nested
cross-validation design combined with bootstrap-based evaluation. ANN and XGBLinear
models demonstrated the most balanced and generalizable performance for predicting
cancer status, while XGBLinear and RF achieved the highest accuracy and AUC in
recurrence prediction. For vital status, RF and ANN showed the most stable validation
metrics, whereas XGBLinear, despite excelling in training, showed signs of overfitting.
Feature selection consistently identified clinical predictors such as stage, site, treatment
type, and age—affirming their central prognostic value and reinforcing the validity of

embedded ML pipelines for CRC risk prediction.

At the population level, this study applied negative binomial regression and Hotelling’s T?

control charts to examine CRC prevalence, incidence, and mortality trends in KSA from
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1990 to 2021. The analysis identified significant deviations in CRC prevalence in 1995 and
2021, in mortality in 1992 and 2021, and a near-threshold deviation in incidence in 2021.
These shifts align with major health system milestones, including the establishment of the
Saudi Cancer Registry and the expansion of national CRC screening programs. The
findings demonstrate the measurable impact of policy interventions on CRC detection and
reporting. However, the continued challenges in reducing mortality suggest persistent gaps

in treatment accessibility or effectiveness, despite progress in early diagnosis.

Together, these results provide a unified framework that bridges patient-level prediction
and policy-level evaluation. By integrating advanced analytics with real-world clinical and
epidemiological data, the study offers actionable insights for clinicians, policymakers, and
data scientists working to improve cancer outcomes. The work highlights the need for
ongoing efforts to refine predictive tools, broaden data integration, and evaluate the full

continuum of care—from diagnosis and treatment to long-term survivorship.

6.2 Prospects for Future Research
Despite the strengths of this thesis, several avenues remain for expanding and refining

future research.

First, the clinical dataset used here was limited to a single tertiary care center, which may
restrict generalizability. Expanding to multi-center or national registries would increase
sample diversity, reduce selection bias, and enable more representative model training and
validation. External validation of the developed models across different healthcare settings

is a crucial next step.

Second, incorporating multi-modal data—including genetic markers, laboratory
biomarkers, imaging data, and patient-reported outcomes—could improve predictive
accuracy and reveal latent patterns not captured by structured clinical variables alone. As
digital health infrastructure in Saudi Arabia continues to evolve, the integration of such

data will become increasingly feasible.

Third, while five widely used ML algorithms were compared, future work could explore
the application of deep learning architectures, ensemble stacking methods, and

transformer-based models to better handle rare outcomes such as recurrence. Additionally,
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model explainability should be prioritized using interpretable ML techniques (e.g., SHAP,
LIME) to support clinician trust and real-world applicability.

From a policy evaluation perspective, further research could build on the time-series
modeling and control chart analysis presented here by incorporating more granular data—
such as stage-specific incidence, screening uptake, and survival by treatment modality.
Incorporating forecasting methods like ARIMA, Prophet, or Bayesian structural time series
models could also help simulate long-term outcomes of existing and proposed policy

interventions.

Lastly, future studies should extend beyond traditional outcomes to include patient-
centered metrics such as quality of life, psychosocial impact, treatment adherence, and care
satisfaction. These dimensions are critical to understanding the full burden of CRC and
aligning health services with the principles of equity and value-based care envisioned by

Saudi Arabia’s Vision 2030 Health Sector Transformation Program.

In conclusion, this thesis has laid the foundation for data-driven CRC prediction and policy
evaluation in Saudi Arabia. Continued interdisciplinary research—spanning clinical
oncology, epidemiology, data science, and health policy—will be essential for scaling
these insights and advancing personalized, equitable, and effective cancer control across

the Kingdom and beyond.
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