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Abstract: 

 

The complexity and heterogeneity of cancer make early detection and effective 

treatment particularly difficult. Traditional diagnostic methods often involve invasive tissue 

biopsies, which can be uncomfortable and pose risks to patients. Recent advancements in non-

invasive liquid biopsies, specifically through the analysis of circulating tumor cells (CTCs) 

and circulating tumor microemboli (CTMs), offer a promising alternative, by examining the 

gene expression profiles of CTCs, researchers can identify potential cancer biomarkers, 

facilitating early detection and characterization of various cancer types. 

This thesis focuses on developing and evaluating machine learning classifiers for 

predicting the presence of seven types of cancer using gene expression data from CTCs and 

CTMs. The cancers investigated include liver cancer, breast cancer, colorectal cancer, non-

small cell lung cancer, pancreatic cancer, prostate cancer, and melanoma. The study involves 

building binary classifiers to distinguish each cancer type from others and multiclass 

classifiers to predict all seven cancer types. The goal is to compare these approaches and 

identify the most effective model for accurate cancer prediction.  

The findings demonstrate the significant potential of machine learning models in 

enhancing cancer diagnostics using minimally invasive methods.Among the models 

evaluated, the Random Forest multi-classifier emerged as the most reliable and effective, 

making it highly recommended for practical use in cancer diagnosis. 

 

Keywords: Cancer prediction, Machine learning, Deep learning, Gene expression data, 

Circulating tumor cells (CTCs), Circulating tumor microemboli (CTMs), Liquid biopsy, 

Binary classification, Multiclass classification, Cancer biomarkers, Non-invasive diagnostics. 



Résumé : 

La complexité et l’hétérogénéité du cancer rendent la détection précoce et le traitement 

efficace particulièrement difficiles. Les méthodes de diagnostic traditionnelles impliquent 

souvent des biopsies tissulaires invasives, qui peuvent être inconfortables et présenter des 

risques pour les patients. Les progrès récents dans les biopsies liquides non invasives, 

notamment grâce à l’analyse des cellules tumorales circulantes (CTC) et des micro-emboles 

tumoraux circulants (CTM), offrent une alternative prometteuse. En examinant les profils 

d’expression génétique des CTC, les chercheurs peuvent identifier des bio-marqueurs 

potentiels du cancer, facilitant la détection précoce et la caractérisation de divers types de 

cancer. 

Cette thèse porte sur le développement et l'évaluation de classificateurs d'apprentissage 

automatique permettant de prédire la présence de sept types de cancer à l'aide de données 

d'expression génétique provenant de CTC et de CTM. Les cancers étudiés comprennent le 

cancer du foie, le cancer du sein, le cancer colorectal, le cancer du poumon non à petites 

cellules, le cancer du pancréas, le cancer de la prostate et le mélanome. L'étude consiste à 

créer des classificateurs binaires pour distinguer chaque type de cancer des autres et des 

classificateurs multi-classes pour prédire les sept types de cancer. L'objectif est de comparer 

ces approches et d'identifier le modèle le plus efficace pour une prédiction précise du cancer. 

 

Mots clés: Prédiction du cancer, Apprentissage automatique, Apprentissage profond, 

Données d'expression génétique, Cellules tumorales circulantes (CTC), Micro-emboles 

tumorales circulantes (CTM), Biopsie liquide, Classification binaire, Classification multi-

classe, Bio-marqueurs du cancer, Diagnostics non invasifs. 
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Introduction:  

Cancer remains one of the leading causes of morbidity and mortality worldwide, with 

millions of new cases diagnosed each year. The complexity and heterogeneity of cancer pose 

significant challenges to early detection and effective treatment. Traditional diagnostic 

methods often rely on invasive tissue biopsies, which can be painful and carry risks for 

patients. In contrast, recent advancements in non-invasive liquid biopsies offer a promising 

alternative by analyzing circulating tumor cells (CTCs) and circulating tumor microemboli 

(CTMs) in the bloodstream. 

CTCs are cancer cells that detach from the primary tumor and enter the bloodstream, 

serving as key indicators of metastasis and disease progression. By examining the gene 

expression profiles of CTCs, researchers can identify potential cancer biomarkers, aiding in 

the early detection and characterization of various cancer types. 

This thesis explores the development of machine learning classifiers for predicting the 

presence of seven types of cancer using gene expression data from CTCs and CTMs. The 

seven cancer types investigated in this study are liver cancer, breast cancer, colorectal cancer, 

non-small cell lung cancer, pancreatic cancer, prostate cancer, and melanoma. Each of these 

cancers presents unique challenges in terms of early detection and accurate diagnosis. By 

leveraging gene expression data from CTCs and CTMs, I aim to improve the predictive 

accuracy of cancer diagnostics, potentially leading to earlier and more precise interventions. 

The project involves building and evaluating machine learning models through two 

distinct approaches. Initially, four binary classifiers were developed, each trained to 

distinguish a specific cancer type from the combined presence of other cancers. Subsequently, 

the same models were adapted to function as multi-classifiers, capable of predicting the 

presence of any of the seven cancer types. This comparative analysis aims to identify the best-

performing model, providing insights into the most effective method for cancer prediction 

using CTC and CTM gene expression data. 

The findings of this study have the potential to enhance the field of cancer diagnostics, 

offering a data-driven approach to detecting multiple cancer types from minimally invasive 

samples. 
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Introduction:  

Today, one-third of male deaths and one-quarter of female deaths are due to cancer. In 

industrialized countries, cancer ranks second among the leading causes of mortality after 

cardiovascular diseases, and according to epidemiological data, this trend is emerging in less 

developed countries [1]. 

The improvement of cancer prevention techniques and early detection enables the 

majority of patients to be cured after adjuvant treatment. However, this disease remains fatal 

in the majority of cases [2]. 

I- Cancer: 

I-1- A historical perspective on cancer research: 

Cancer has afflicted people for several centuries. The oldest documented case of 

cancer dates back to 3000 b.c in ancient Egypt. The details, recorded on a papyrus, described 

8 cases of tumors occurring on the breast. Historical evidence suggests that ancient Egyptians 

possessed the ability to distinguish between malignant and benign tumors. According to 

inscriptions, surface tumors were surgically removed in a similar manner as they are removed 

today but there was no acknowledged treatment for the condition [3]. Other types of cancers 

were also described, in 1500 BC, including stomach, uterus, rectum, and skin cancers. At that 

time, to explain this phenomenon, Egyptians used the term “incurable disease” or “the curse 

of God” [4]. The actual name of the disease was given by Hippocrates in 460-370 BC who 

used the Greek term carcinos to describe the crab-like lesions [3]. He thought that the tumor 

resembles the crab in the way breast cancer spreads to the skin. The physician Celsus, later 

translated this word into cancer, the Latin word for crab [4]. Hippocrates was also the first 

who explained cancer from a scientific point of view, considering it occurs as a result of 

remarkable presence or increase in the quantity of black bile in the body [4]. He only had an 

experience on external tumors since in ancient Greece (as in ancient Egypt) corpses could not 

be used for medical analysis [3]. Ancients back then considered that once cancer has spread, 

there is no curable treatment, and the intervention could be more harmful. Significant progress 

in cancer surgeries started in the 19th and early 20th centuries, coinciding with a deeper 

scientific understanding of cancer. This investigation and explanation of cancer went through 

a long path up to a century ago, when Boveri’s referred to cancer as a genetic disease. 
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With the development of research, new visions are highlighted, especially nowadays 

with genetics analysis. These analyses keep open-ended questions that could be resolved only 

by research and more developed science [4]. 

 

Figure 01: Oldest evidence of human cancer osteocarcinoma. According to National 

geographic reports [1]. 

 

I-2- Cancer Nowadays: 

According to the World Health Organization (WHO), cancer is considered a leading 

cause of death worldwide, after cardiovascular disease [4]. 

In 2020, global cancer statistics from the International Agency for Research on Cancer 

(IARC) revealed an estimated 19.3 million new cancer cases (excluding non-melanoma skin 

cancer) and nearly 10.0 million cancer-related deaths (excluding non-melanoma skin cancer) 

worldwide. Among the most frequently diagnosed cancers were female breast cancer (2.26 

million cases), lung cancer (2.21 million cases), and prostate cancer (1.41 million cases). The 

leading causes of cancer-related mortality were lung cancer (1.79 million deaths), liver cancer 

(830,000 deaths), and stomach cancer (769,000 deaths) [5]. 
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Figure 02: Distribution of the estimated new cases and deaths for the 10 most common 

cancers in 2020 in males (A) and females (B). For each sex, the area of the pie chart reflects 

the proportion of the total number of cases or deaths. NHL, non-Hodgkin lymphoma [5]. 

I-3- Definition of Cancer: 

Cancer is a category of diseases characterized by the uncontrolled growth and spread 

of cells from the primary site to other parts of the body. With over 200 known types, cancers 

are classified based on the initially affected cell type. The unique characteristics of each 

cancer are determined by its tissue of origin. Approximately 85% of cancers, known as 
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carcinomas, occur in epithelial cells. Sarcomas originate from mesodermal cells such as bone 

and muscle, while adenocarcinomas arise from glandular tissues [6] [7]. 

Fundamentally, cancer is a disease of the genome, with a wide range of genomic 

alterations like point mutations, copy number changes, and rearrangements leading to its 

development. For many cancers, only 5-10% of cases are due to inherited genes, with BRCA1 

and BRCA2 being examples for breast cancer. The majority of cases result from external 

factors like tobacco and radiation, which directly damage DNA. This damage can lead to 

various gene mutations, including the activation of oncogenes (cancer-causing genes) and the 

inhibition of tumor suppressor gene functions, ultimately leading to uncontrolled cell growth 

[6]. 

 

Figure 03: cancer cells. 

I-4- Types of cancer: 

Each type of cancer possessing a unique genetic profile. This genetic diversity among 

cancer types underscores the relationship between genetics and cancer. However, the scope of 

this thesis will be purposefully narrowed to focus on the metastasis of seven specific types of 

cancer. We will delve into the genetic underpinnings of these seven cancers, exploring the 

specific genes associated with them. 

I-4-1- Breast cancer: a malignant tumor that originates from the epithelium of the breast 

tissue, has no single known cause [8]. It is more prevalent in women but can also occur in 

men. The disease typically begins in the cells lining the milk ducts or the glands that produce 

milk [9] [10] [11]. 
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Breast cancer is a complex disease with a significant genetic component [12]. Its 

development and progression, both primary and metastatic, are driven by mutations in a 

multitude of genes [13]. These include BRCA1/2, TP53, STK11, PTEN, CDH1, NF1, NBN, 

ATM, CHEK2, PALB2, RAD50, CCND1, ERBB2, CDK12, ADGRA2, ZNF703, FGFR1, 

KAT6A, POLB, COL1A1, AXIN2, ZNF217, GNAS, FGF3, FGF4, FGF19, Nf1, and Trps1 

[14] [15]. 

In addition to these, mutations in mitochondrial tRNA genes, such as tRNA Val 

G1606A, tRNA Ile A4300G, tRNA Ser (UCN) T7505C, tRNA Glu A14693G, and tRNA Thr 

G15927A, have been associated with breast cancer development due to their impact on 

mitochondrial functions [16]. Somatic mutations in PIK3CA, particularly in exons 9 and 20, 

have been identified in a significant percentage of breast cancer cases and are associated with 

negative lymph node status [17]. 

 

Figure 04: the spectrum of changes from normal to cancer in the ducts of the breast [18]. 

I-4-2- Colorectal cancer: which originates in the colon or rectum—parts of the lower 

digestive system—is the third most common cancer worldwide, with a cumulative risk of 

onset at 2.27% [19]. Despite the availability of screening methods, most cases are only 

diagnosed after the onset of symptoms [20]. The disease’s leading risk factors include a 

family history, pre-cancerous conditions, physical inactivity, and dietary factors. 
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The development of colorectal cancer (CRC) is often associated with various genetic 

mutations. Research has identified several key mutations linked to CRC progression, 

including those in genes such as KRAS, TP53, APC, SMAD4, and FBXW7, which play 

pivotal roles in colorectal tumorigenesis [21] [22] [23]. 

Additionally, mutations in genes like CTNND1, AXIN1, TCF3, TGFBR1, RASGRF1, 

RASA1, and RAF1 have been identified as drivers in CRC, impacting pathways such as Wnt, 

TGF-β/BMP, and MAP kinase [24] [25]. DNA methylation changes, particularly the 

hypermethylation of FIGN, HTRA3, BDNF, HCN4, and STAC2, have been associated with a 

poor prognosis in colorectal cancer patients [26]. 

Comparisons of the expression profiles of primary colorectal cancer and their 

metastatic lesions have led to the identification of early driver genes and metastasis-specific 

genes [27]. Genetic biomarkers such as KRAS, NRAS, BRAF, HER2, and microsatellite 

instability have practical implications for the treatment of metastatic colorectal cancer [28]. 

 

Figure 05: Colorectal cancer (CRC) stages and development [29]. 

 

I-4-3- Melanoma : a highly aggressive form of skin cancer, originates from melanocytes, the 

cells responsible for pigment formation [30]. Its varied presentations make early detection 

vital for improved outcomes [31]. Risk factors for melanoma include UV radiation exposure, 

light skin type, atypical nevi, and a family history of the disease [31]. 
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Genetic research on melanoma has pinpointed several key genes and pathways 

implicated in the disease. Notably, mutations in the BRAF gene, especially the p.V600E and 

p.V600K mutations, are common in melanoma cases. The p.V600E mutation alone accounts 

for up to 95% of BRAF-mutant melanomas [32]. 

In the advanced stages of melanoma, mutations in NRAS, CDKN2A, TP53, PTEN, 

and the TERT promoter are frequently observed, contributing to tumor progression [33]. 

TERT promoter mutations, such as the ATG start site −124C>T and −146C>T, are associated 

with increased TERT mRNA expression, heightened telomerase activity, and a poorer 

prognosis in melanoma patients [34]. 

 

 

Figure 06: Melanoma skin cancer [35]. 

 

I-4-4- Non-small cell lung cancer (NSCLC): 

 Is a complex disease characterized by genetic and cellular heterogeneity [36]. As the 

most prevalent subtype of lung cancer, it carries a high mortality rate [37]. Tobacco smoking 

is the primary risk factor for NSCLC, but radon exposure and air pollution also contribute 

[38]. 

A variety of genetic alterations in NSCLC have been identified in studies, including 

point mutations, indels, and gene fusions [39]. Certain genes, such as TSPAN14, SLC2A13, 

and PHF20, are associated with the promotion of NSCLC, while others like CYP4Z1, KIR, 

and RDH10 are linked to its progression [40]. 

Deleterious mutations in the ATM gene are frequently found in NSCLC [40] [41]. 

These mutations characterize a unique subset of NSCLC with distinct clinicopathologic, 
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genomic, and immunophenotypic features. These include associations with female sex, 

smoking history, non-squamous histology, and a higher tumor mutational burden [42] [43]. 

Furthermore, co-occurring mutations in KRAS, STK11, and ARID2 are significantly 

enriched in ATM-mutant NSCLCs. In contrast, TP53 and EGFR mutations are more prevalent 

in ATM wild-type cases [44]. 

 

Figure 07: Types of non-small cell lung cancer [45]. 

I-4-5- Pancreatic cancer: 

A highly lethal disease, often remains asymptomatic until it reaches advanced stages, 

making it difficult to detect [46]. This disease is more prevalent in men and older individuals, 

and its incidence is on the rise. It spreads rapidly, with adenocarcinomas accounting for 90% 

of cases [47]. Risk factors for pancreatic cancer include hereditary mutations, smoking, 

alcohol consumption, and a diet low in fruits and vegetables [48]. 

The development of pancreatic cancer is associated with several common genetic 

mutations, including those in the KRAS, TP53, SMAD4, CDKN2A, ARID1A, TENM4, 

TTN, RNF43, FLG, and GAS6 genes [49] [50] [51]. Furthermore, mutations in genes such as 

BRCA1/2, PALB2, MLL3, TGFBR2, and SF3B1 have been linked to the most common form 

of pancreatic cancer [52] [53]. 
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Figure 08: Progression model and stage of pancreatic cancer [53]. 

 

I-4-6- Prostate cancer: 

 The most common malignancy in elderly men, often presents with asymptomatic 

prostate nodules or bone pain [54]. It has a high chance of cure when diagnosed early, even in 

metastatic cases [55]. The genetics of prostate cancer have been extensively studied, with 

various genetic changes identified as potential contributors to the disease. Zhang identified 

several regions on chromosomes that may harbor genes predisposing individuals to prostate 

cancer [56]. Both Roylance and Brothman discussed the consistent genetic changes and 

specific genes implicated in the development and progression of prostate tumors [57][58]. 

Edwards further explored the existence of a high-risk gene in families with familial prostate 

cancer and the contribution of common lower penetrance genes, such as single nucleotide 

polymorphisms, to the disease [59]. 

Common genetic mutations associated with the development of prostate cancer 

include alterations in genes such as TERT, PTEN, BRCA1, BRCA2, and genes involved in 

the homologous recombination repair (HRR) pathway. Studies have shown that mutations in 

TERT are linked to prostate tumorigenesis and severity, with specific variants associated with 

aggressive prostate cancer [60]. Additionally, mutations in PTEN have been identified as 

independent predictors of increased overall mortality among patients with prostate cancer, 
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regardless of smoking history [61]. Germline mutations in BRCA1 and BRCA2 genes, known 

for their association with breast cancer, also increase the risk of developing prostate cancer 

[62]. Mutations in HRR genes, such as TP53 and KRAS, have been detected in prostate 

cancer patients, suggesting potential targets for targeted treatment [63]. 

 

Figure 09: Model of prostate cancer progression. Morphologic features of different stages 

of prostate cancer progression correlate with specific genetic and epigenetic events. [64]. 

 

I-4-7- Liver cancer: 

A complex and heterogeneous disease, is a significant global health concern due to its 

rapid progression and low life expectancy [65].This disease is characterized by a range of 

tumors, with hepatocellular carcinoma being the most prevalent and often having a poor 

prognosis due to late detection. Hepatoblastoma, on the other hand, is the type most 

commonly found in children[66].The incidence of liver cancer is on the rise, with over 

900,000 new cases annually and a projected increase to over 1.4 million by 2040 [65]. 

Various genetic mutations are associated with liver cancer, including pathogenic 

alleles, non-coding mutations, single-nucleotide polymorphisms (SNPs), and alterations in 

genes such as TP53, catenin beta 1, Axin1, p16INK4, insulin-like growth factor 2 receptor, 

RB transcriptional corepressor 1, and cyclin D1 [67] [68]. Specific mutations, including 

rs17401966 and BRAF V600E, have been implicated in the development of liver cancer. [69] 

[70]. Additionally, mutations in genes like EZH2 and CCND1 have been identified as 
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potential biomarkers for liver cancer, with a high tumor mutation burden (TMB) serving as a 

prognosis indicator. [71]. 

Hepatocellular carcinoma (HCC) development is influenced by a complex interplay of 

genetic and environmental factors. Researchers such as Ozen and Zhang have highlighted the 

role of genetic mutations and epigenetic aberrations in HCC development. Ozen, in particular, 

has identified mutated genes such as TP53, CTNNB1, AXIN1, and CDKN2A. These 

mutations, along with imprints of mutagenic exposure, contribute to the genomic landscape of 

liver cancer [72] [73]. 

The genetic basis for susceptibility to hepatocarcinogenesis has been further explored 

by Dragani, who has identified six regions on chromosomes 2, 5, 7, 8, 12, and 19 linked to 

hepatocellular tumor development in mice [74]. Ding has further emphasized the importance 

of genetic factors in liver cancer development by discussing the role of loss of heterozygosity 

(LOH) in liver tumors [75]. 

 

Figure 10: stages of liver damege [76]. 

I-5- Cellular Hallmarks of Cancer: 

The hallmarks of cancer, a pivotal concept in oncology research, represent a set of 

fundamental characteristics that are shared by virtually all cancer cells. These hallmarks refer 

to the acquired biological capabilities that cancer cells develop during tumor development and 

progression. The number of cancer hallmarks has evolved over time, In 2000, researchers 

Douglas Hanahan and Robert Weinberg identified six key hallmarks shared by cancer 

cells,These hallmarks include sustaining proliferative signaling, evading growth suppressors, 
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resisting cell death, enabling replicative immortality, inducing angiogenesis, and activating 

invasion and metastasis.This was later expanded to include two emerging hallmarks: 

reprogramming of energy metabolism and evading immune destruction [77] [78] [79] [80]. 

Fast forward to 2021, Sasi S. Senga and Richard P. Grose proposed four additional hallmarks 

that shed light on cancer complexity. The new hallmarks were dedifferentiation and 

transdifferentiation, epigenetic dysregulation, altered microbiome and altered neuronal 

signaling. These new dimensions provide potential targets for therapeutic interventions, 

offering hope for improved cancer diagnosis and treatments [4]. 

 

Figure 11: the Hallmarks of Cancer, circa 2022 [79]. 

 Sustaining Proliferative Signaling: 

Cancer cells continuously receive growth-promoting signals, leading to uncontrolled 

cell proliferation. This capability is driven by activating mutated driver oncogenes, such as 

EGFR and KRAS, which sustain proliferative signaling pathways in cancer cells. These 

signals promote cell cycle progression and drive the uncontrolled growth of tumors, a 

fundamental aspect of cancer development and progression [77]. 

 Evading Growth Suppressors: 

Cancer cells bypassing mechanisms that normally inhibit cell growth, such as tumor 

suppressor genes like p53 and Rb. These genes act as brakes on cell division, but in cancer 

cells, mutations or alterations allow them to override these growth-inhibitory signals, leading 

to uncontrolled proliferation [81].This hallmark is crucial for cancer cells to evade the natural 
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barriers that limit cell proliferation and maintain tissue homeostasis. Genetic profiling studies 

have shown that a majority of human tumors contain defects in the functions of tumor 

suppressor pathways, highlighting the importance of evading growth suppressors in cancer 

development and progression [78]. 

 Resisting Cell Death: 

This hallmark is characterized by cancer cells evading programmed cell death 

(apoptosis) that would normally eliminate abnormal or damaged cells. Cancer cells can 

develop mechanisms to resist cell death signals, allowing them to survive and proliferate 

uncontrollably. This capability is crucial for cancer cells to evade one of the body's natural 

defense mechanisms against the development of tumors.Cancer cells can resist cell death 

through various mechanisms, such as mutations in apoptotic pathways, overexpression of 

anti-apoptotic proteins, or alterations in pro-survival signaling pathways. By avoiding cell 

death, cancer cells can continue to grow and accumulate genetic changes that drive tumor 

progression [78]. 

 Enabling Replicative Immortality:  

Cancer cells maintain the ability to divide indefinitely by overcoming the natural limit 

on cell division imposed by telomere shortening. Cancer cells achieve this by activating 

mechanisms for telomere maintenance and extension, such as the expression of the telomere-

extending enzyme telomerase or alternative recombination-based mechanisms.By acquiring 

the capability to maintain their telomeres, cancer cells can avoid the barrier of shortened 

telomeres and achieve cellular immortality, allowing for the continuous expansion of cancer 

cell populations [78]. 

 Inducing Angiogenesis: 

Tumors stimulate the formation of new blood vessels to ensure a steady supply of 

oxygen, nutrients, and waste removal, supporting their growth and survival. This process 

involves the activation of angiogenic factors, such as vascular endothelial growth factor 

(VEGF), which promote the growth of blood vessels from pre-existing vasculature towards 

the tumor.The tumor-associated vasculature in cancer is often abnormal, with vessels that are 

tortuous, dilated, and leaky, leading to erratic blood flow patterns. Angiogenesis is crucial for 

tumor progression, enabling cancer cells to access the nutrients and oxygen necessary for their 
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survival and proliferation. While some tumors may co-opt existing blood vessels, most rely on 

chronic angiogenesis to sustain their growth [78]. 

 Activating Invasion and Metastasis: 

Cancer cells acquire the ability to invade surrounding tissues and migrate to distant 

sites, leading to the formation of secondary tumors (metastases). This capability enables 

cancer cells to intravasate into blood or lymphatic vessels, travel to distant organs, and 

establish new tumor colonies. The process of invasion and metastasis is complex and involves 

both cell-intrinsic programs, such as the epithelialmesenchymal transition (EMT), and 

interactions with the tumor microenvironment, including hypoxia-induced signaling 

pathways.The regulation of invasion and metastasis is crucial for the spread of cancer cells 

and involves intricate molecular mechanisms that facilitate migration, invasion, survival in the 

bloodstream, and colonization of distant tissues [78]. 

 Deregulating Cellular Energetics and Metabolism: 

 Deregulating Cellular Energetics and Metabolism is a hallmark of cancer 

characterized by alterations in how cancer cells utilize energy sources and metabolize 

nutrients to support their rapid proliferation. This hallmark was initially described by Otto 

Warburg almost 90 years ago, highlighting the observation that cancer cells exhibit increased 

glucose uptake and glycolysis even in the presence of oxygen, known as the Warburg 

effect.Cancer cells often rely on glycolysis for energy production, which is less efficient than 

oxidative phosphorylation but provides essential building blocks for cell growth and division. 

Additionally, cancer cells may exhibit altered metabolism of other nutrients like glutamine to 

support their energetic and biosynthetic needs [78]. 

 Avoiding Immune Destruction: 

Cancer cells develop strategies to evade detection and elimination by the immune 

system, allowing them to survive and proliferate. This hallmark involves mechanisms that 

enable cancer cells to escape immune surveillance, such as downregulating antigen 

presentation, inducing immune tolerance, or expressing immune checkpoint molecules that 

inhibit immune responses [78]. 
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Figure 12: Novel hallmarks of cancer [4]. 

 

 Dedifferentiation and transdifferentiation: 

 Dedifferentiation and transdifferentiation are two key processes in cancer biology that 

are proposed as new hallmarks of cancer. Dedifferentiation refers to the ability of non-cancer 

stem cells to revert to a less specialized, stem cell-like state, allowing them to acquire stem 

cell-like features. This process enables cells to regain pluripotency and plasticity, contributing 

to tumor heterogeneity and progression. On the other hand, transdifferentiation involves the 

conversion of one differentiated cell type into another, bypassing the stem cell state. In 

cancer, transdifferentiation can lead to the emergence of different cell lineages within the 

tumor, contributing to its complexity and adaptability [4]. 

 Epigenetic dysregulation: 

  Refers to the abnormal changes in gene expression patterns that occur without 

alterations in the underlying DNA sequence. This hallmark involves modifications to the 

structure of DNA and histones, such as DNA methylation and histone modifications, which 

can lead to changes in gene activity and cellular function. Epigenetic dysregulation plays a 

crucial role in cancer development by influencing key processes like cell differentiation, 

proliferation, and metastasis. It can lead to the activation of oncogenes or the silencing of 

tumor suppressor genes, contributing to tumorigenesis and progression [4]. 
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 The altered microbiome: 

 Refers to changes in the composition and function of microbial communities within 

the human body, particularly the gut microbiota. These changes can influence cancer 

development and progression by interacting with the host immune system, affecting 

metabolism, and modulating the tumor microenvironment. Dysbiosis in the microbiome has 

been associated with various cancers and can impact the efficacy of cancer treatments [4]. 

 Altered neuronal signaling: 

 Is an enabling hallmark of cancer that provides tumors with a means of interacting 

with their microenvironment to facilitate metastatic progression. Tumors can use nerves to 

establish blood vessels and garner proliferative cues, and cancer cells recruit numerous 

nerves, which can be intercepted for pain management. The modulation of GluN2B 

expression has shown that NMDAR signaling is critical for the proliferation of breast cancer 

cells in the brain [4]. 

I-6- Understanding metastasis: 

a- Cancer metastasis :  

Metastatic cancer is mostly incurable, resulting in more than 90% of cancer-related 

deaths. Patients with metastatic cancer have much lower 5-year survival rates than those with 

localized cancer [82]. 

Metastasis is an organ-selective process that is started by escape of tumor cells from 

the primary tumor and ended with colonizing secondary tumors in the distant sites [83]. This 

process involves several key steps that disseminated tumor cells (DTCs) must overcome to 

colonize distant organs. These steps include the detachment of tumor cells from the primary 

site, invasion into surrounding tissues, intravasation into blood or lymphatic vessels, 

circulation, stasis, extravasation into a new tissue, and ultimately, proliferation [84]. 

The initiation of metastasis is facilitated by cancer cells that migrate using 

extracellular components and metastatic traits conferred through epigenetic regulation. The 

interface between the tumor and stromal cells plays a crucial role in this migration. 

Interactions between these cells promote the progression of metastasis [85][86] 

Metastasis can occur through various pathways, including hematogenous and 

lymphogenous routes, or by seeding into body cavities [87]. 
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Figure 13: Progression of cancer metastasis. Illustration of the stages of progression from 

primary tumor formation to the establishment of a metastatic tumor [82]. 

b- Steps of metastasis:  

Metastasis, the complex process of cancer spread, involves several distinct steps. 

These steps include local invasion of tumor cells, intravasation into the vasculature, survival 

in circulation as circulating tumor cells (CTCs), extravasation into secondary organs, and 

colonization leading to metastatic outgrowth. The process also encompasses interactions with 

stromal cells, adaptation to new environments, evasion of immune responses, and 

establishment of a metastatic niche. Different types of cell movements, such as collective, 

mesenchymal, and amoeboid migration, play crucial roles in metastasis [84] [88] [89]. 

Additionally, factors like epithelial-mesenchymal transition (EMT), genetic changes 

facilitating migration, and establishment of a vascular network within secondary sites are 

essential components of the metastatic cascade [85] [90]. 
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Figure 14: Overview of the metastatic cascade: The five key steps of metastasis include 

invasion, intravasation, circulation, extravasation, and colonization [91]. 

b-1- Invasion: 

Tumor cell invasion refers to the directed migration of cancer cells into surrounding 

tissues, marking the initial step towards metastasis [92]. This invasive process involves 

complex mechanisms such as alterations in the extracellular matrix through the secretion of 

matrix-degrading enzymes, excessive cell proliferation, and migration [93]. Cancer cells 

exhibit different migration patterns, including collective and individual cell migration, each 

with distinct morphological and molecular genetic characteristics [94]. The invasion of tumor 

cells is facilitated by factors like epithelial-mesenchymal transitions, cell adhesion molecules, 

and actin cytoskeleton proteins [95]. Circulating tumor cells play a crucial role in invasion 

and metastasis, relying on elements like epithelial-mesenchymal transition, cancer stem cell 

properties, and selective metastasis [96]. 
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Figure 15: Types of invasion during cancer progression [82]. 

b-2- Intravasation: 

  It is the process where invasive tumor cells penetrate the vessel wall, entering the 

circulation as circulating tumor cells, and potentially seeding metastases. This process plays a 

crucial role in the progression of cancer metastasis by enabling tumor cells to migrate across 

the endothelium [97] [98]. Studies have shown that tumor cells disrupt the vessel endothelium 

through cell division, facilitating their detachment into circulation, a process mediated by 

mitosis [99]. Chemo-mechanical signaling between tumor cells and endothelial cells is 

essential during intravasation, triggering changes in cell morphology and behavior necessary 

to breach the vessel wall [99]. Additionally, the tumor microenvironment plays a significant 

role in intravasation, with factors like macrophages influencing the process through paracrine 

signaling pathways and TMEM-mediated mechanisms [98]. 
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Figure 16: The intravasation process is regulated by intrinsic, microenvironmental, and 

mechanical factors. [101]. 

b-3- Circulation: 

CTCs and CTMs survive in circulation during metastasis through various mechanisms. 

CTCs adapt to biomechanical constriction forces in the microcirculation, interact with blood 

components like immune cells and platelets, and undergo molecular adaptations to promote 

metastasis formation [102]. CX3CR1, a chemokine receptor, plays a crucial role in CTC 

reseeding to multiple organs, affecting tumor growth and numerical expansion; targeting this 

receptor can prolong CTC permanence in the blood, leading to apoptosis and counteracting 

metastatic reseeding [103]. CTC survival is influenced by interactions with the physical 

environment, intrinsic biophysical characteristics, and the heterogeneous nature of CTCs due 

to intratumoral heterogeneity and molecular plasticity [104]. Additionally, CTCs must 

withstand shear stress, avoid coagulation, and survive immune attacks to successfully form 

distant metastases [105]. Cell-cell interactions within CTMs enhance metastatic properties, 

including improved cell survival, immune evasion, and effective extravasation into distant 

organs [106]. 
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Figure 17: Cancer cells circulate as single units or in clusters [91]. 

b-4- Extravasation: 

It is the step where cancer cells exit the bloodstream at distant sites to establish new 

colonies [107] [108]. This process involves cancer cells adhering to vascular endothelial cells, 

crossing vessel walls, and interacting with circulating platelets, leukocytes, and the local 

tissue microenvironment [109]. Furthermore, the formation of pre-metastatic niches through 

extracellular vesicles (EVs) has been identified as a key step in creating a favorable 

environment for metastatic cell engraftment and growth [110]. 

 

Figure 18: Extravasation to micro- and macrometastases [82]. 
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b-5- Colonization:  

Metastatic colonization is a critical step in the metastatic cascade, where cancer cells 

must adapt to the new environment by reprogramming their metabolic states. Studies have 

shown that successful colonization involves interactions with resident cells in the target organ, 

such as hepatocytes in the liver [111] [112].  

 

Figure 19: Metastatic colonization [113]. 

II- CTCs/CTMs in metastasis: 

Circulating tumor cells (CTCs) are single cancer cells that detach from a solid tumor 

lesion and enter the bloodstream, leading to the spread of cancer to distant organs. Despite 

their rarity in peripheral blood, CTCs are crucial for disease progression as they contain a 

population of metastatic precursors. 

CTCs face numerous challenges once they leave the tumor bulk and enter blood 

vessels. These challenges include mechanical stress, a foreign microenvironment, and 

immunosurveillance. These factors lead to a short half-life and a high rate of apoptosis and 

anoikis. 

In addition to CTCs, there are other tumor derivatives in circulation. Among these, 

circulating tumor microemboli (CTMs) are of particular interest. CTMs are clusters of tumor 

cells or a mix of tumor and non-tumor cells. They can be classified into homotypic CTMs 
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(clusters of only cancer cells) and heterotypic CTMs (clusters of cancer and non-cancer cells 

such as immune cells, platelets, or stromal cells). 

Although CTMs are less frequent than single CTCs, they have a significantly higher 

metastatic potential. It has been estimated that the metastatic potential of CTMs is 23 to 50 

times greater than that of single CTCs. Furthermore, the presence and size of CTC clusters are 

associated with worse clinical outcomes in multiple cancer types. This highlights the 

importance of studying both CTCs and CTMs in cancer research [114] [115] [116]. 

 

Figure 20: Biology of CTCs [117]. 

II-1- CTCs/CTMS isolation methods:  

Various methods have been developed for the isolation of circulating tumor cells 

(CTCs), each with its own advantages and limitations.  

II-1-1- CTC-iChip: 

The CTC-iChip is a microfluidic device that uses a combination of techniques, 

including deterministic lateral displacement, inertial focusing, and magnetophoresis, to isolate 

and enrich circulating tumor cells (CTCs) from blood samples [118]. This technology has 

been further developed to include single-cell immunoblotting, allowing for direct protein 

analysis of CTCs [119]. The CTC-iChip has been used to successfully isolate CTCs from 

patients with various types of cancer, including breast, prostate, lung, and melanoma [120]. 

The ability to isolate viable CTCs using the CTC-iChip has significant implications for 
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personalized cancer therapy, as it allows for the genetic and functional characterization of 

these cells, which can then be used to guide treatment decisions [121]. 

 

Figure 21: CTC Single-Cell Isolation [123]. 

II-1-2- The advantages and limitations:  

The CTC-iChip technique offers advantages such as high efficiency in isolating 

circulating tumor cells (CTCs) from blood samples, enabling genetic analysis, cancer 

progression prediction, drug development, and treatment evaluation [123]. However, 

challenges persist in CTC isolation due to their rarity and heterogeneity, hindering wider 

clinical use. Microfluidic-based technologies like the CTC-iChip aim to address these 

limitations by balancing recovery and purity of isolated CTCs [124]. Despite advancements, 

current techniques still face issues with CTC damage during isolation, emphasizing the need 

for further improvements in maintaining CTC viability for downstream applications like drug 

screening and modeling metastatic processes [125]. 

a- Micromanipulation: 

Micromanipulation, a technique used in the isolation of circulating tumor cells 

(CTCs), involves the use of microfluidic technology, which offers high precision and 

sensitivity [126]. This technique can also be used to isolate platelet-covered CTCs, a 
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challenging task due to the masking of surface markers, by depleting unbound platelets and 

then capturing the CTCs using a herringbone micromixing device [127]. Another approach to 

CTC isolation is the use of lithographic microfilters, which can be systematically studied and 

optimized for CTC capture [128]. Additionally, an immunomicromachine-based approach has 

been proposed for the direct detection of CTCs without sample pre-processing [129].  

 

Figure22: Micromanipulation apparatus setup is adaptable to any inverted microscope [130]. 

 Advantages and limitations: 

Micromanipulation techniques, particularly those utilizing microfluidics, offer several 

advantages in the isolation of circulating tumor cells (CTCs). These techniques are highly 

sensitive, allowing for the detection of rare CTCs, and can be automated for increased 

precision and accuracy [126]. They also enable label-free isolation, preserving the phenotypic 

and genotypic characteristics of the isolated cells. However, these techniques may have 

limitations in terms of throughput and purity, with biology-based techniques often exhibiting 
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high purity but low throughput [127]. Despite these limitations, microfluidics technology 

continues to advance, offering potential for improved CTC isolation and analysis [131]. 

b- Immunofluorescence:  

Immunofluorescence is a technique used in the isolation of circulating tumor cells 

(CTCs) from blood samples. This method involves the use of immunomagnetic enrichment 

and fluorescence-activated cell sorting (IE/FACS) to isolate CTCs with little to no 

contamination of normal blood cells [132]. The technique has been further advanced with the 

integration of microfluidic chips, which enable the isolation and subsequent biological 

analysis of CTCs [133]. The use of ultra-high throughput microfluidic Vortex technology has 

also been shown to improve the capture efficiency and purity of CTCs [134]. Additionally, 

the CTC-iChip technology, which is tumor antigen-independent, has been developed for the 

isolation of rare CTCs from blood samples [118]. 

 

Figure 23: Immunofluorescence staining of established tumor cell lines or CTCs captured by 

the CellCollector [135]. 
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 Advantages and limitations: 

Immunofluorescence has both advantages and limitations. On the positive side, it 

allows for the identification and characterization of CTCs, which can provide valuable 

information for cancer prognosis and treatment [136]. However, the technique is complex and 

can result in low yield and purity, making it less efficient for CTC isolation [136] [137]. 

Despite these limitations, immunofluorescence remains a valuable tool in the study of CTCs, 

particularly when combined with other isolation methods such as immunomagnetic 

enrichment and fluorescence-activated cell sorting [132]. 

c- Microfluidics: 

Microfluidics, a cutting-edge technology, has revolutionized the isolation of 

circulating tumor cells (CTCs) from blood samples. Ajanth and Descamps both highlight the 

potential of microfluidic devices in CTC isolation, emphasizing their label-free nature and 

ability to balance recovery and purity [119] [131]. Macaraniag further underscores the role of 

microfluidics in studying CTC clusters, which are associated with poor prognosis and high 

metastatic potential [132]. The use of 3D printed microfluidic devices, as demonstrated by 

Chen, has significantly improved the capture efficiency of CTCs, paving the way for potential 

clinical applications [133].  

 

Figure 24: Overview of CTC isolation using spiral microfluidics [141]. 
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 Advantages and limitations:  

Microfluidics, a promising technology for isolating circulating tumor cells (CTCs), 

offers several advantages. It is cost-effective, has short reaction times, high throughput, and is 

easy to use [142]. The technology also allows for the preservation of the phenotypic and 

genotypic characteristics of isolated cells, making it a valuable tool for cancer diagnosis and 

treatment [126]. Furthermore, microfluidic devices can be integrated with nanotechnologies 

and enable in situ or sequential analysis of captured CTCs, enhancing their potential for 

clinical impact [143]. However, there are limitations to microfluidics, including the need for 

further research to improve capture efficiency, purity, and sensitivity [126].  

d- Immunomagnetic:  

Immunomagnetic separation, a technique used to isolate circulating tumor cells 

(CTCs), has been significantly advanced in recent years. Magbanua developed a protocol 

combining immunomagnetic enrichment and fluorescence-activated cell sorting (IE/FACS) to 

isolate highly pure CTCs for molecular profiling [132]. This was further improved by Chen 

who integrated advanced technologies with microfluidic chips, enhancing the isolation and 

subsequent analysis of CTCs [133]. Sun proposed a strategy for isolating tumor initiating cells 

(TICs) using immunomagnetic separation, which involved screening two surface markers 

[144]. Tang applied a chip-assisted immunomagnetic separation system to efficiently capture 

and identify CTCs, demonstrating its potential for clinical use [145]. 

 

Figure 25: Microfluidics-based immunomagentic isolation of CTCs from whole blood of 

lung adenocarcinoma patients [146]. 
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 Advantages and limitations:  

Immunomagnetic isolation of circulating tumor cells (CTCs) offers several 

advantages, including high efficiency capture and release of tumor cells from whole blood 

[147], enhanced isolation efficiency in spiked blood samples and robustness in downstream 

cell sequencing [148], and efficient capture and in situ identification of CTCs with negligible 

influence on cell viability [145]. Furthermore, the combination of immunomagnetic 

enrichment and fluorescence-activated cell sorting (IE/FACS) allows for the isolation of 

highly pure CTCs for molecular profiling [126]. However, this technique also has limitations, 

such as nonspecific adsorption of biomolecules by immunomagnetic nanoparticles [148] and 

the need for expensive instrumentation for enrichment and characterization [147]. 

e- Immunomagnetic purification:  

Immunomagnetic purification, a technique used in the isolation of circulating tumor 

cells (CTCs), involves the use of magnetic beads conjugated to monoclonal antibodies against 

specific cell markers, such as epithelial cell adhesion marker (EpCAM), to enrich for tumor 

cells. This method has been shown to produce highly pure CTCs, making it a valuable tool for 

downstream molecular analyses [132]. The technique has also been applied to the purification 

of T cell subpopulations, resulting in high purity and reproducibility [149]. A CTC 

microseparator based on lateral magnetophoresis and immunomagnetic nanobeads has been 

developed, demonstrating high isolation efficiency and purity [150]. The use of 

immunomagnetic separation in microfluidic chips has further advanced the isolation of CTCs, 

with potential applications in cancer research and diagnosis [140]. 
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Figure 26: Circulating tumor cell microseparator based on lateral magnetophoresis and 

immunomagnetic nanobeads [150]. 

 Advantages and limitations: 

Immunomagnetic purification, a technique used for the isolation of circulating tumor 

cells (CTCs), offers several advantages. It allows for the efficient capture and in situ 

identification of CTCs, with high purity and minimal contamination of normal blood cells 

[132]. However, this method also has limitations, including time-consuming protocols and 

low efficiency. Recent advances in microfluidic devices have shown promise in addressing 

these limitations, offering greater efficiency, sensitivity, selectivity, and accuracy in capturing 

and isolating CTCs [151]. These devices, when integrated with immunomagnetic isolation, 

have the potential to significantly improve the process of CTC isolation and subsequent 

biological analysis [130]. 

f- Fluorescence-activated cell sorting (FACS):  

FACS is a powerful technique used to isolate specific cell populations based on their 

fluorescence and size, and is particularly useful when high purity is required [152] [153]. This 

technique has been applied in various fields, including biological research and cancer 

detection [152] [126]. In the context of cancer, FACS can be used to isolate circulating tumor 

cells (CTCs) from the bloodstream, which can serve as biomarkers for cancer detection and 

provide insights into cancer metastasis [126]. 
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Figure 27: A fluorescence-activated cell sorter (FACS) [154]. 

 Advantages and limitations: 

            FACS, or fluorescence-activated cell sorting, is a powerful technique for isolating 

circulating tumor cells (CTCs) due to its ability to label and sort cells based on their specific 

characteristics. However, it has some limitations, including the potential for cell damage 

during the labeling process and the need for specialized equipment and expertise. Other 

techniques, such as microfluidic technology, offer advantages such as automation, high 

precision, and portability, but also have limitations, such as the use of chemicals for labeling 

that can interfere with downstream assays [126]. Size-based isolation methods, such as FAST, 

provide a clog-free, highly sensitive, and rapid isolation of CTCs, but may have lower 

recovery rates and purity [150]. An integrated microfluidic device for CTC isolation and 

single-cell analysis has been developed, which offers high throughput and efficiency with less 

cell damage [155]. Despite these advancements, the isolation and detection of CTCs remain 

challenging due to their rarity and variability, and further research is needed to address these 

limitations [131]. 
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III- RNA, or Ribonucleic Acid:  

III-1- Definition: 

  Is a macromolecule that plays diverse roles in various biological processes. It is a 

single-stranded nucleic acid that is essential for protein synthesis and gene expression in 

living organisms [156]. 

 RNA structure is composed of ribose sugar based on nucleic acids and primarily 

four bases: adenine, cytosine, guanine, and uridine. It consists of three parts: a phosphate 

group, a 5-carbon sugar, and a nitrogenous base. RNA can form primary, secondary, and 

tertiary structures. The primary structure refers to the linear RNA sequence of nucleotides 

linked by phosphodiester bonds. The secondary structure is formed by Watson-Crick 

canonical base pairs, containing helices, loops, bulges, and junctions. The tertiary structure is 

the three-dimensional arrangement of RNA building blocks with both canonical and 

noncanonical base pair interactions [157].  

III-2- ARN types: 

            ARN types include various forms such as messenger RNA (mRNA), transfer RNA 

(tRNA), ribosomal RNA (rRNA), and non-coding RNAs like small regulatory RNAs:  

 Messenger RNA (mRNA): this type carries genetic information from the DNA in the 

nucleus to the ribosomes in the cytoplasm for protein synthesis. 

 Transfer RNA (tRNA): it Transfers amino acids to the ribosome during protein 

synthesis. 

 Ribosomal RNA (rRNA): it Forms a major part of ribosomes, where protein synthesis 

occurs. 

 Small nuclear RNA (snRNA): it is Involved in RNA splicing processes. 

 Small nucleolar RNA (snoRNA): this RNA type Guides chemical modifications of 

other RNAs. 

 MicroRNA (miRNA): it Regulates gene expression by targeting specific mRNAs for 

degradation or inhibiting translation. 

 Long non-coding RNA (lncRNA): it Regulates gene expression at various levels 

without being translated into proteins [158].  
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Conclusion:  

            In this chapter, I explored the multifaceted landscape of cancer, including its historical 

context, modern understanding, types, genetic aspects, hallmarks, metastasis, and the 

significance of circulating tumor cells (CTCs) and microemboli (CTMs). I also delved into 

the role of ribonucleic acid (RNA) in cancer biology. This foundational knowledge forms the 

basis for our investigation into predictive modeling and machine learning techniques for 

cancer prediction using gene expression data from CTCs and CTMs. 
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Introduction: 

Artificial intelligence (AI) is one of the most transformative technologies of the 

21st century, making huge impacts across all fields, including healthcare. It has transformed 

traditional healthcare practices, resulting in more accurate treatment and diagnoses for various 

diseases, including cancer. This chapter gives a comprehensive overview of artificial 

intelligence and of basic concepts in both machine learning and deep learning.  

1- Definition:  

Artificial intelligence (AI) is a branch of computer science that aims to emulate 

intelligent behavior. It can be defined as the capacity of a computer system or machine to 

mimic and carry out operations like learning, problem-solving, and logical reasoning that 

would typically require human intelligence. The foundation of artificial intelligence lies in the 

application of machine learning algorithms and technologies, which enable machines to apply 

specific cognitive capacities and carry out tasks autonomously or semi-autonomously. It is the 

degree of autonomy or cognitive capacity that sets artificial intelligence apart. Its capacity can 

be superlative, general, weak, or limited. It can be reactive, deliberate, cognitive, or 

completely autonomous because of its autonomy. Many processes are becoming more 

efficient as artificial intelligence advances, and tasks that seem difficult now will be 

completed more quickly and accurately [159]. 

 

 

Figure 28: Representation of the different AI disciplines [160]. 
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2-  Brief History of AI: 

Many people are surprised to know that AI is nothing new, AI technologies have 

existed for decades [161]. The roots of AI trace back to early computer development, which 

initially focused on automating calculations. Over time, computers evolved to handle more 

complex tasks during the Industrial Revolution [162]. 

The dream of AI can be linked to Ada Lovelace’s invention of the first programming 

language in 1820 and Descartes’ conceptualization of the world as a giant machine. These 

foundational ideas set the stage for integrating logic processing and human-like intelligence 

into computers [163]. 

In 1956, American computer scientist John McCarthy coined the term “artificial 

intelligence.” Around the same time, Frank Rosenblatt introduced the perceptron (the first 

machine capable of learning) inspired by Hebb’s cognitive theory. Although limited by its 

single layer, the perceptron was revolutionary. 

However, after Marvin Minsky and Seymour Papert highlighted the perceptron’s 

limitations, faith in this approach waned. Funding for AI research decreased in 1969, leading 

to an “AI winter” during the 1970s. 

Despite setbacks, progress continued. Kunihiko Fukushima proposed the Cognitron 

(1975) and Neocognitron (1981), drawing inspiration from the cat’s visual cortex. The 

Neocognitron, with its four layers, alternated simple and complex cells, culminating in a 

specialized classification layer [160]. 

In 1986, backward error propagation and the Hierarchical Learning Machine (HLM) 

advanced multilayer artificial neural networks (ANNs). Yann Le Cun’s Convolutional Neural 

Network (CNN) emerged in 1988, mimicking the visual cortex structure [160]. The 1990s 

saw advancements in computer architecture, enabling real-time intelligent applications. The 

Support Vector Machine (SVM) gained prominence between 1992 and 1995 [164]. 

Despite another gloomy period for ANNs, persistence paid off in 2012. Deep learning, 

fueled by GPUs and large datasets, revolutionized AI. Today, deep learning permeates our 

daily lives, demonstrating its value across various tasks [160]. 
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Figure 29: Most significant events in the history of artificial intelligence [160]. 

3- Machine Learning: 

Machine learning is a branch of artificial intelligence (AI) that focuses on creating 

models and algorithms that let computers learn from data and make decisions or predictions 

without explicit programming. It involves the study of statistical and mathematical models 

and methods that let computers automatically identify relationships and patterns in vast 

amounts of data and use those insights to predict or make decisions.  

A labeled dataset, which contains input data accompanied by matching desired outputs 

or labels, is typically used to train a model in a machine learning process. This training set of 

data helps the model learn by pointing out trends and connections that connect the input data 

to the intended results.  

Machine learning finds wide-ranging applications in diverse fields, such as natural 

language processing, recommender systems, medical diagnosis, image and speech 

recognition, and many more. It is an effective tool for handling challenging issues and 

drawing conclusions from large amounts of information due to its capacity to automatically 

learn from data and adapt to changing circumstances.  

In order to handle increasingly complicated and varied datasets, improve performance, 

address ethical issues, and improve interpretability, researchers in the field of machine 

learning are continuously creating new models, techniques, and algorithms [165].  
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3-1- Types of machine learning: 

ML algorithms are classified as supervised learning, unsupervised learning, semi-

supervised learning and reinforcement learning [166].  

a- Supervised algorithms: 

The first category of ML algorithms is called supervised algorithms; each sample in 

this class has a classer label attached to it, and they require labeled data. The term "labelled 

data" refers to data items that have a known description attached to them. For instance, test 

findings for cancer can indicate various symptoms in twenty different persons. We are able to 

tag or label each patient based on the test results, indicating whether they are positive or 

negative for cancer. Therefore, the tagged data gives the output a shape. Thus, the machine 

will identify patterns and categorize data as a result of the supervised learning process. The 

unseen data can be located using the same techniques. Two types of supervised learning are 

distinguished: [160] [166] 

 

 Classification: classification algorithmsclassify the input data from pre-defined 

classes, they are used to predict and classify discrete values such as Cat or Dog, Spam 

or No Spam, etc.  

 Regression: Regression algorithmsfind the relationship between the variables/features, 

they are used to predict continuous values such as the value of a company’s stock, 

house prices, etc. [166] [167] 

 

b- Unsupervised Learning:  

Unsupervised learning is the second category. In this case, the machine only receives 

the input values or data; the system does not receive a fixed output. By identifying the hidden 

pattern in the input data, it predicts the result. An unlabeled input dataset is given to the 

machine during its unsupervised learning process. An unsupervised learning algorithm uses 

this data to make independent hypotheses about patterns within the data. The pattern is used 

to group instances of datapoints. Data that match a similar group and pattern is expected to be 

the result. It can be used for segmentation, anomaly detection, etc [166].  

 Clustering (Partitional or flat): This method of unsupervised learning relies on 

making clusters from the input data. The datapoints that have similarities will make 
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clusters, and using those clusters, we will be able to make predictions. as do k-means 

and self-organizing maps.  

 Association (Hierarchical): The second method of unsupervised learning is 

association, in which the algorithms find the rules from the input data and make 

prediction from the data. Such as AGNES (AGglomerative NESting) or DIANA 

(DIvisive ANAlysis Clustering) [160] [166]. 

 

Figure 30: Representation of the two categories of unsupervised learning algorithms [160]. 

c- Semi-Supervised Learning: 

This category is a combination of supervised learning and unsupervised learning; it 

uses both labeled and unlabeled data to build a prediction model. The difference between the 

above algorithms and the semi-supervised method is that the unlabeled data is larger in 

number than the labeled data [166]. 

 

d- Reinforcement Learning: 

Reinforcement learning, which focuses on determining the best way to take in a 

situation in order to maximize the correct outcome, is the last class of machine learning 

algorithms. Sequential decisions are made. The algorithm may produce a positive or negative 

result at each stage along the way to the final results. Thus, the total of all of the path's 

favourable and unfavourable outcomes is the overall result. Finding the optimal path to 

maximize the outcome is the algorithm's main objective. Generally, reinforcement learning is 

used to solve various challenges, including video games, telecommunications, and robot 

control [166] [167]. 
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3-2- Machine learning algorithms: 

 

Figure 31: Machine Learning Algorithms [168]. 

 

Considering the effectiveness of the supervised algorithms such us Decision Tree, 

Random Forest and gradient boosting in various fields, including genomics, this thesis will 

focus only on these three machine learning models. 

a-  Decision Tree: 

A decision tree classifier is a popular data modeling technique used in various real-

world supervised learning problems, known for its ease of implementation, understanding, 

and ability to handle non-linear relationships effectively. It operates as a top-down recursive 

algorithm, dividing datasets until all instances within a sub-dataset belong to the same class 

value.  
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Decision trees are suitable for both classification and regression tasks and traditionally 

use metrics like information gain, gain ratio, and Gini values to select the best node for 

splitting [169] [170]. 

Decision tree learners are not always the most competitive learners in terms of 

accuracy because of their high adaptivity to the learning sample. A small perturbation of the 

learning sample may result in very different decision trees.There are several existing 

approaches to improving the accuracy of decision trees by reducing their variance, such as 

pruning, which removes some of their test nodes so as to find the best compromise between 

bias and variance. However, a more efficient way to improve the accuracy of decision trees is 

to aggregate the predictions given by several trees. Various techniques have been proposed in 

the literature to generate different decision trees from the same learning sample for 

aggregation, and they often give very impressive improvements in accuracy [171]. 

b- Random Forest: 

Random Forest (RF) is a powerful machine learning method widely used for 

classification and regression tasks due to its high predictive accuracy, low variance, and ease 

of optimization [172] [173]. The original RF algorithm was invented by Breimann in 2001 

and is based on the assumption that a collection of weak classifiers outperforms a single weak 

classifier, namely a weak decision tree. Decision trees are very attractive classifiers; however, 

they suffer from the “high variance” problem, meaning they risk overfitting the training data. 

Breimann solved this problem by combining baggingwith random variable selection at each 

node. Bagging stands for bootstrap aggregating, meaning each individual decision tree in the 

forest will learn a different classification model based on a bootstrap sample of the original 

training set. One bootstrap sample has approximately 63% of the original training data points, 

sampled with replacement, while the remaining 37% form the out-of-bag data. Each time a 

tree is added to the forest, the out-of-bag data is used as internal validation data for estimating 

classification error and variable importance. For classification tasks, each tree will learn a 

model only on √ d variables, where d is the dimension of any data point [174]. 

 

c- Gradient Boosting: 

Gradient Boosting Machine is one of the most successful algorithms in supervised 

learning. This algorithm was developed by Friedman in 2001 for both problems in 

classification and regression. Gradient boosting is applied to combine different weak learners 

into strong ones so that each new model is created in a way that it is trained to minimize the 
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loss function of the previous model using gradient descent. On every iteration, the algorithm 

computes a gradient of the loss function relative to the predictions of the current ensemble and 

trains a new weak model to minimize this gradient. Then it adds the made predictions of this 

new model to the ensemble and repeats the process until the stopping criterion satisfies. This 

is one of the most successful ideas in Machine Learning, achieving very high practical 

performance with very little tuning [175] [176] [177].  

3-3- Deep learning:  

Deep learning (DL) is a subfield of machine learning that is fully supported by 

artificial neural networks. Since neural networks are designed to mimic the functioning of the 

human brain, deep learning is also a type of brain mimicking. 

The methodology of deep learning involves the application of nonlinear 

transformations and high-level abstractions, enabling the system to learn from large datasets 

and continually improve its predictions and decisions. 

Compared to traditional machine learning techniques, deep learning has shown 

remarkable success in a number of fields, including computer vision and linguistic 

communication processes, as it attempts to form a stronger analysis and can potentially learn 

enormous amounts of unlabeled knowledge [178]. 

4- Artificial Neural Networks: 

Artificial neural networks (ANNs) are mathematical functions inspired by the 

biological neural networks that constitute animal brains. They are made up of interconnected 

processing elements, or "neurons," which process information based on their dynamic state 

response to external inputs [167] [179].  

In the human brain, there are tens of billions of neurons, and each neuron can have 

thousands of billions of interconnections. A human neuron is composed of an axon that acts 

as a cable to transmit and receive information, a dendrite that receives information, a soma 

that processes information, and a synapse that joins the axon to the dendrite of another 

neuron. Artificial neurons in ANNs function similarly, where the soma becomes a node, the 

dendrites serve as input, the synapses act as weights, and the axons carry the output [179]. 
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Figure 32: Comparison between a biological and an artificial neuron [160]. 

4-1- Feedforward neural network: 

A feedforward neural network is a type of artificial neural network (ANN) where the 

connections between nodes do not form cycles, meaning the input signal (data) moves in one 

direction, from input nodes through hidden nodes to output nodes, without any feedback 

loops. These networks are designed to learn patterns in various types of data, such as 

structured, textual, speech, or visual data [180] [181] [182]. 

a- The perceptron: 

The perceptron is a single-layer neural network and it represents the simplest and most 

basic form of a feedforward neural network. It is a mathematical model of a biological neuron 

used for supervised learning of binary classifiers, limited to linear decision boundaries. 

the perceptron consists of four main parts : input values 𝑥, weights 𝑤, bias 𝑤0, net sum, and 

an activation function f(detailed in Section 2.4.2.3) [184] [185] [186].  
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Figure 33: The perceptron network [184]. 

This is how the output value 𝑦̂is generated for an input of I dimensions: 

𝒚̂  = 𝒇(𝒙, 𝒘) = 𝒇(∑ 𝒘𝒊𝒙𝒊)
𝑰
𝒊=𝟏 (2.1) 

The mapping function between the input label 𝑥 and the target label 𝑦̂ is learned by the 

Perceptron. It first calculates the weighted sum of its input vectors, 𝑥and 𝑤, and then outputs 

a scalar value, 𝑦̂, by applying an activation function to the total. The Perceptron's weights are 

updated using a process known as backpropagation (detailed in Section 2.4.2.4). 

Two additional factors need to be considered throughout the training process of the 

Perceptron (or any other ANN architecture): the batch size and the number of epochs. Epoch 

is a parameter that determines how many times the algorithm runs over the given set of data. 

The maximum amount of data that the algorithm can observe before adjusting its weights is 

defined by the batch size option [166]. 

 

b- MultiLayers Perceptron (MLP):  

While the Perceptron represents a particular type of FNN, The term "feedforward 

neural network" generally refers to more complex architectures such as the MLP with hidden 

layers, which are capable of handling non-linear boundaries and solving more complex 

problems through deeper processing and learning mechanisms [185] [186].  
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Figure 34: Multi-layer perceptron. Schematic representation of a MLP with single hidden 

layer [183]. 

The MLP can be thought of as an extension of the Perceptron since it is made up of 

multiple layers as opposed to just one, as the Perceptron is. 

The input layer, the hidden layer, and the output layer are the three main layers of the 

MLP architecture. There can be one or many neurons in each one of them. The neural 

network receives its initial data from the input layer. All of the computing is done in the 

hidden layers, which are the layers that sit in between the input and output layers. The output 

layer generates the predictions for the supplied input.  

An ANN is referred to as a Deep Neural Network (DNN) when it has a deep stack of 

hidden layers. 

Like a Perceptron, an MLP learns the mapping function between input X and target 

label 𝑦̂. However, each neuron in a multilayered network, cannot compute in the same way as 

a single neuron in a perceptron.  

An input vector of size N, represented by𝑥1,...,𝑥𝑁∈X, is passed into the input layer of 

the MLP architecture, which outputs a list of values (each neuron j returns a scalar value 𝑦𝑗). 

The following equation describes the computation performed by each neuron: 

 

 𝝈𝒋
𝟎 =  𝜽𝒋

𝟎 + (∑ 𝒘𝒊𝒋
𝟎 𝒙𝒊)

𝑵
𝒊=𝟏 (2.2) 
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The connection between the input value 𝑥𝑖and the neuron j in the first layer is 

represented by the weight 𝑤𝑖𝑗
0 . g represents the activation function, and 𝜃𝑗

0is the bias that 

should be applied to neuron j. 

The MLP architecture's hidden layer receives all of the size 𝑁𝑙−1neurons' outputs, 

represented as𝑦1
𝑙−1, … , 𝑦𝑁

𝑙−1, and outputs a new list of values (each neuron j returns a scalar 

value 𝑦𝑗
𝑙 , as computed in this equation:  

 𝝈𝒋
𝒍 =  𝜽𝒋

𝒍 + (∑ 𝒘𝒊𝒋
𝒍 . 𝒚𝒊

𝒍−𝟏, )
𝑵𝒍−𝟏

𝒊=𝟏 (2.3) 

The connection between the output of neuron i at the preceding layer ℓ−1 and the 

neuron j at layer ℓ is represented by the weight 𝑤𝑖𝑗
𝑙 ; the activation function is represented by 

g; and the bias to be applied to neuron j at layer ℓ is represented by 𝜃𝑗
𝑙[9].  

c- Activation Function:  

In order to address complicated nonlinear issues, artificial neural networks need to 

have an activation function during the learning phase. It is a scalar-to-scalar function that 

changes a neuron's inputs into an output signal known as the "activation level of the unit." 

Depending on how important a neuron's inputs are to the learning process, the latter will 

determine whether or not to activate a neuron. There are several activation functions (such as 

Sigmoid, Tanh, and ReLu), and their two main characteristics are differentiability and 

nonlinearity. In fact, more robust functions are required to simulate more complicated 

difficulties, given the constraints of linear functions. Thus, to add nonlinearity to models, non-

linear activation functions are employed. Furthermore, taking into account the requirement to 

compute the loss function's gradient during the backpropagation stage. 

For backpropagation to be possible, the activation function must be differentiable. Finally, 

another primary rationale for using activation functions is their capacity to limit the amplitude 

of the outputs by squashing them into a specific range, as we may obtain values in any range 

during the computation of weighted sums [187]. 
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Figure 35: Examples of activation functions, used to introduce nonlinearity in feedforward 

MLPs [160]. 

d- Backpropagation:  

Backpropagation is a fundamental algorithm in artificial neural networks (ANNs) that 

plays a crucial role in training neural networks by adjusting the model’s weights to minimize 

the error between predicted and actual outputs. It involves a two-step process: 

Forward Propagation: During this step, input data is passed through the network to generate 

predictions.                                                                                                                

backward propagation: the algorithm calculates the gradient of the loss function while 

respecting the network’s weights, allowing efficient updates [188] [189] [190]. 

 

Figure 36: Backpropagation Algorithm and computational process [188]. 
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The backpropagation algorithm relies on a loss function to quantify the network’s 

error. For classification tasks, a binary cross-entropy function is commonly used, while mean 

squared error serves as the primary function for regression tasks. Specifically, the algorithm 

computes the gradient of the loss function respecting the model’s parameters. This gradient 

guides the adjustment of connection weights and bias terms to minimize the loss error. 

Ensuring that the gradient is both computable and differentiable is essential.To update the 

weights effectively, we employ optimization algorithms such as gradient descent or other 

stochastic optimization methods. These algorithms apply the computed gradients iteratively 

until the network converges toward a solution. 

The term “stochastic optimization” refers to the use of randomness in optimization 

techniques. Its primary goal is to find a global minimum while avoiding local minima traps. 

By reducing the probability of getting stuck in a local minimum, stochastic optimization 

algorithms increase the chances of finding the global minimum. 

 

Figure 37: Illustration of local minimum and global minimum [167]. 

While local minimum may be acceptable solutions with interesting properties, they do 

not necessarily match the optimal solution. Our objective is to identify the global minimum. 

We define it using all available data from the training dataset, assuming that the global 

minimum from the training data aligns with the actual global minimum when sufficient data is 

present. 
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Convex functions naturally find global minimum because any local minimum for them 

is also a global minimum. However, non-convex functions pose a challenge, they require 

careful navigation to avoid getting trapped in local minimum. 

To address this issue, various stochastic optimization algorithms (also known as 

optimizers) are available, including Adam, Root Mean Square Propagation (RMSprop), and 

Stochastic Gradient Descent (SGD) [167]. 

5- Regularization techniques: 

In machine learning, one of the main problems is when a model works well with 

training data but performs poorly with new inputs (during the test phase, for example). This 

issue is known as overfitting, it arises when the model is excessively complex and has a high 

number of degrees of freedom, making it impossible for it to learn by predicting 

different concepts. Thankfully, an enormous amount of research has been performed to 

identify potential solutions for this problem. We refer to these methods as regularization 

techniques [187]. 

 

5-1- L1 and L2 Regularization:  

Weight penalty regularization is a widely used model-training technique that is applied 

in L1 and L2. Models with higher weights are thought to be more complex than those with 

lower weights. Ensuring that the weights are either zero or extremely small is the purpose of 

the penalties. The weight penalty, sometimes referred to as weight decay, denotes the 

reduction of weights to zero or a smaller unit. 

The so-called regularization term Ω is added to the neural network's J loss function 

during L1 and L2 regularization, which limits the model's capacity. The regularized objective 

function is given by: 

𝒋 ̅= 𝒋 + 𝛌Ω(2.4) 

 

where the regularization penalty term, Ω, is weighted in relation to the standard 

objective function J by a hyperparameter called λ. When λ is set to 0, no regularization 

occurs. Greater regularization is correlated with larger values of λ. Between L1 and L2, the 

regularization termΩ is different.  

The sum of the absolute values of the weight parameters of the weight matrix is used 

as the regularization term Ωin the case of L1 regularization. 
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Ω =  
𝟏

𝟐
‖𝑾‖𝟏(2.5) 

 

while in L2, Ω is defined as: 

 

Ω =  
𝟏

𝟐
‖𝑾‖𝟐

𝟐(2.6) 

 

Unlike L2 regularization, which lowers the average magnitude of all weights, L1 

regularization forces more weights to be zero, which introduces sparsity in the weights. Stated 

differently, L1 recommends that some features be excluded from training. However, the 

weight vector's directions (which don't really "contribute" much to the loss function) will be 

greatly affected by L2 regularization [183].  

5-2- Data augmentation:  

One method to prevent overfitting is to train the model on larger training datasets, 

which prevents the model from memorizing the network's parameters instead of allowing it to 

generalize to learn new concepts. The data augmentation technique is the name given to this 

approach [187]. 

For instance, the process of adding noise to a neural network's input can be regarded as 

data augmentation. Algorithms for unsupervised learning, like the denoising autoencoder, 

incorporate input noise injection. Hidden units can also be subjected to noise injection. This 

can be interpreted as a growth in the number of datasets at various abstraction levels [183]. 

When considering object recognition, data augmentation allows us to replicate various 

variation factors from images. Even small translations of a few pixels can enhance 

performance. However, it’s crucial to avoid operations that could fundamentally change the 

nature of the augmented class (such as rotating “6” into “9). 

Data augmentation needs to be aligned with each label's features to avoid bias 

introduction and to enhance performances [160]. 

 

5-3- Dropout:  
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Another effective regularization technique is dropout, which simulates the training of 

numerous neural networks with various architectures concurrently. A wide family of deep 

neural networks is regularized through dropout. 

The dropout function's has a hyperparameter called the probability, p; this probability 

is used for choosing how many nodes to drop. The dropout layer experiences random unit 

termination (dropout) with probability p during training, which results in fewer neurons 

functioning in the forward process. As a result, the neural network's general structure was 

made simpler. However, we retain all the units during the test phase, so the values will be 

significantly higher than expected. Consequently, we have to reduce them by p. 

The application of dropout forces all neurons to learn during the training phase, which 

eliminates the model's ability to rely on individual neurons (which may become muted in the 

process). As a result, a different "view" of the configured layer is used for each update of the 

dropout layer during training. The trained model is more robust because, conceptually, it 

approximates the training of numerous neural networks with various architectures in parallel  

[183]. 

 

Figure 38: Neural network before (a) and after (b) applying dropout regularization technique 

[187]. 

 

5-4- Weightdecayapproach : 
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Weight decay, also known as weight regularization, is a well-known technique used to 

achieve faster convergence during model training, improve overall performance, and enhance 

model generalization to prevent overfitting. The weight decay strategy serves as a valuable 

alternative, especially in scenarios such as deep learning-based medical applications, where 

acquiring large training datasets is challenging. By incorporating a regularization term into the 

loss function, the weight decay strategy effectively regulates the growth of neural network 

weights [187]. 

5-5- Early stopping: 

When training a deep network with a large learning capacity, the model attempts to 

gradually decrease the training data's loss function. But at some point in the training process, 

the model overfits the task and stops to generalize, instead learning the statistical noise 

present in the training dataset. It is difficult to train the network for a long enough time to 

produce a good input-to-output mapping without overfitting it with training data. The 

application of early stopping regularization is one method to solve this issue. The dataset can 

be divided into training, validation, and test sets to accomplish this. The algorithm is trained 

on the training set using early stopping, and the validation set is used to determine when 

training should end. It means that whenever the error in the validation set decreases during 

training, we save a copy of the model parameters. We switch to these parameters—which 

produce the least validation set error—instead of the most recent ones when the training 

algorithm finishes. After a predetermined number of iterations, the algorithm stops if no 

parameters have improved over the best-recorded validation error. 

One of the most popular regularization techniques in deep learning is early stopping. 

Its simplicity and effectiveness are the reasons for its popularity. Since early stopping almost 

entirely avoids changing the objective function, the set of allowable parameter values, or the 

underlying training process, it can be regarded as implicit regularization. One can employ 

early stopping on its own or in combination with other regularization techniques. Because it 

lowers the training procedure's computational cost, early stopping is also beneficial. 

A validation set is necessary for early stopping, which suggests that some data are not 

supplied to the model. After the first training is finished, more training can be carr ied out to 

fully utilize these additional data. The second training step contained all of the training data.  
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The second training procedure employed two fundamental strategies. Restarting the 

model and retraining it with all the data is one method. We trained the network for the same 

number of steps in this second training pass as we did in the first, using the early stopping 

strategy that was found to be ideal. However, there are some differences to this strategy that 

need to be considered.  

Retaining the parameters from the initial training cycle and carrying on with the 

training while utilizing all the data is an additional approach to utilizing all the data. We no 

longer have a guideline for when to stop at this point. Alternatively, we can keep an eye on 

the validation set's average loss function and train until it drops below the training set 

objective's value, at which point the early stopping process is terminated. Although it is less 

well-behaved, this method avoids the high expense of retraining the model from scratch [183]. 

Conclusion:  

In this chapter, I have covered foundational concepts related to artificial intelligence, 

machine learning, and deep learning. This includes a brief historical evolution of AI, defining 

some important concepts in machine learning, and describing the various ML algorithms. The 

discussion was extended to deep learning and artificial neural networks, including 

perceptrons, MLPs, activation functions, and backpropagation. I also highlighted a few 

regulation techniques, which play an essential role in improving the performance of the 

machine learning models. 
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Introduction: 

In this chapter, I have worked on building machine learning models to predict the 

presence of seven cancer types (liver cancer, breast cancer, colorectal cancer, non-small cell 

lung cancer, pancreatic cancer, prostate cancer, and melanoma) using gene expression data of 

circulating tumor cells (CTCs) and microemboli (CTMs). First, I have built four binary 

classifiers. Each classifier was trained to distinguish one cancer class from other classes 

combined. Then I used the same models, but this time as multi-classifiers that could indicate 

the presence of these seven cancer types. This work aims to compare these two approaches 

and select the best-performing model for predicting cancer using this data type. The project 

was done using Python code, and the results are presented in detail in the following sections. 

1- Evaluation metrics: 

In the field of medicine, especially in cancer prediction using gene expression data, 

various evaluation metrics play an important role in assessing the performance of clinical 

tests. A basic tool is the confusion matrix (also known as the error matrix), which provides a 

comprehensive overview of how well a machine learning model performs on test data. The 

confusion matrix summarizes the predictions of the model by comparing them with the actual 

class labels for all data instances. It consists of four components: true-positives (TP), true-

negatives (TN), false-positives (FP), and false-negatives (FN). 

 True Positives (TP): instances where the model accurately predicts a positive class. 

 True Negatives (TN): Instances where the model accurately predicts a negative class. 

 False Positives (FP): Instances where the model predicts a positive class incorrectly 

(type I errors). 

 False Negatives (FN): Instances where the model mispredicts a negative class (type II 

errors). 
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Figure 39: A standard confusion matrix template for a binary classifier [194]. 

These matrices are applicable to any classifier algorithm and allow the visualization of 

correct and incorrect predictions for all classes. In multiclass classification, the matrix extends 

to represent multiple classes [191][192] [193] [194]. 

 

Figure 40: A confusion matrix for a multiclass classification problem [194]. 

Beyond basic accuracy metrics, the confusion matrix helps evaluate recall, precision, 

and overall model effectiveness [194] [195] [196]. 
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 Precision: Measures the proportion of correctly predicted positive instances among all 

instances predicted as positive. 

 

 

 Recall: calculates the proportion of correctly predicted positive instances among all 

actual positive instances. 

 

 

 F1-score: the harmonic mean of precision and recall. It becomes particularly important 

in scenarios with unbalanced data and multi-class text classification. 

 

 

 Accuracy: It determines the overall correctness of the predictions, but it alone is not 

always informative. For instance, a model with 99% accuracy may misclassify highly 

contagious diseases, posing a significant risk. 

 

2- Tools: 

The algorithm for the code was written in Python using Google Colab. 

2-1- Python: 

Python is an interpreter, object-oriented, and high-level programming language created 

by Guido van Rossum in the late 1980s. Its simplicity and readability have contributed to its 
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widespread adoption. Python’s concise syntax makes it ideal for Rapid Application 

Development (RAD) and as a scripting language for gluing components together [167] [197] 

[198]. 

Python is a highly favored language for artificial intelligence (AI) projects due to its 

extensive library support and ease of use. These libraries cover a wide range of AI 

applications such as machine learning, deep learning, data science, and data visualization 

[199] [200] [201]. 

 

Figure 41: Python logo. 

2-2- Google Colab:  

Google Colab is a cloud-based service that provides a convenient environment for 

writing and running code using Jupyter Notebooks. These notebooks are widely used by data 

scientists and developers due to their interactive coding capabilities. Specifically, Colab is 

well-suited for machine learning and data analysis tasks, as it grants users free access to high-

computing resources such as GPUs and TPUs. These resources are essential for efficiently 

training models, especially when dealing with large datasets. [202] 
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3- Experiment and results: 

3-1- Gene expression Data: 

Before constructing the models, I downloaded raw RNA-seq data from circulating 

tumor cells (CTCs) and circulating tumor microemboli (CTMs) across seven datasets 

available in ctcRbase [201]. The downloaded data contains CTSs and CTMs samples; these 

samples represent seven cancer types: liver cancer (LIHC), breast cancer (BRCA), colorectal 

cancer (COAD), non-small cell lung cancer (LUSC), pancreatic cancer (PAAD), prostate 

cancer (PRAD), and melanoma (SKCM). 

 

Cancer Type Dataset name 
Number of 

Samples 
Use 

liver cancer GSE117623 45 Training 

breast cancer GSE111065 69 Training 

colorectal cancer GSE74369 17 Training 

non-small cell lung cancer GSE74639 10 Training 

pancreatic cancer GSE40174 12 Training 

prostate cancer GSE104209 12 Training 

melanoma GSE38495 6 Training 

breast cancer GSE55807 6 Independent dataset 

pancreatic cancer GSE60407 7 Independent dataset 

 

Table 01: Gene expression data. 

3-2 Coding Part: 

 Libraries and package validation: 

The first step in building the ML models was importing essential Python libraries and 

confirming their successful installation. These libraries collectively provided the necessary 

functionalities to preprocess the genomic data, develop machine learning models, evaluate 

their performance, and visualize the results. 
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a- Pandas (pd): An open-source, powerful data manipulation and analysis library in 

Python, Pandas offers a rich set of data structures and functions. It enables efficient 

operations on data, making it an indispensable tool for my project. 

b- NumPy (np): NumPy is a Python library designed for working with arrays. It 

provides support for large, multi-dimensional arrays and matrices, performing 

operations up to 50 times faster than traditional Python lists. I leveraged NumPy 

extensively for efficient data handling. 

c- Scikit-learn: As a comprehensive machine learning library in Python, Scikit-learn 

offers a wide range of algorithms and tools. I utilized it for data preprocessing, model 

training, and evaluation. Its user-friendly interface allowed me to experiment with 

various techniques seamlessly. 

d- TensorFlow (tf): TensorFlow, an open-source software library, excels in high-

performance numerical computation. It serves as a foundation for creating deep 

learning models directly or through wrapper libraries. My project benefited from 

TensorFlow’s versatility and scalability. 

e- Seaborn (sns) and Matplotlib.pyplot (plt): These Python libraries specialize in data 

visualization, providing customizable plotting functions. Seaborn enhances the 

aesthetics of plots, while Matplotlib.pyplot offers flexibility for visualizing patterns 

and relationships within the data. 

 

 Uploading the datasets: 

The next step is to upload each dataset to google colab using this code: 
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 The preprocessing steps: 

Raw gene expression data often contains missing values, noise, and inconsistencies, 

making preprocessing essential to ensuring data quality before classification. For this reason, 

before I started building the classifiers, I followed these preprocessing steps: 

a- Remove and impute Missing Values: First, I dropped rows with missing values (NaN) 

from the dataset then I filled these NaN values with either the mean, median, or mode of 

the respective column. 

 

b- Duplicate Removal: second, I identified the duplicate rows and removed them. 

 

c- Outlier Detection and Removal: third, I filtered out outliers using the interquartile range 

(IQR) method, a measure of variability that tells us the range where the bulk of the values 

lie. 
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d- Column Value Counts: fourth, I explored unique values in each column. 

 

e- Data Types Conversion: fifth, I converted the first column, which contains the gene 

names, to a float data type. 

 

f- Robust Scaling: sixth, I Applied robust scaling to the cleaned dataset. Robust scaling is a 

technique used to standardize input variables in the presence of outliers. It involves 

ignoring the outliers from the calculation of the mean and standard deviation, then using 

the calculated values to scale the variable. 
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g- Save Cleaned Dataset: Finally, I saved the cleaned data to a new CSV file in order to 

work with it in further steps. 

 

 Combining dataset: 

The data downloaded from ctcRbase was stored in multiple datasets, necessitating 

their combination.  

For the binary classification, the idea was to merge at least two datasets, one specific 

to the cancer type I wanted to predict. Then, add a new column called the ‘target column.’ 

This column takes a value of 1 if the gene (raw data) corresponds to the target cancer and 0 

otherwise. 

 

For the multi-class classification, I combinedthe sevencancer’s datasets, associated 

them with their specific cancer types, then, encoded the cancer types numerically. 
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 handling NAN values : 

Due to the process of combining datasets, new missing values appeared in the 

combined data. To adjust this, I used the K-Nearest Neighbors (KNN) imputer technique to 

fill in missing values in the dataset. 
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 Using the SMOTE (Synthetic Minority Oversampling Technique): 

I used this step for multiclass classification with the combined dataset. SMOTE is an 

oversampling technique designed to address class imbalances. It generates synthetic samples 

for the minority class by interpolating between existing positive instances. Unlike simple 

duplication (which doesn’t add new information), SMOTE creates new examples in the 

feature space.  Given that my data was imbalanced (with some classes having significantly 

fewer examples than others), it was necessary to use this technique to prevent machine 

learning models from performing poorly on the minority class due to a lack of sufficient 

training data. 
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 Building the classifiers: 

The selection of an appropriate classifier is crucial for the project, as each model 

possesses unique strengths and weaknesses. For this project, three machine learning models 

and one deep learning model were selected: 

 Random Forest Classifier. 

 Gradient Boosting Classifier. 

 Decision Tree Classifier. 

 Feedforward Neural Network. 

Experiment 1: Binary Classification 

In the first experiment, I used the selected Algorithms as binary classifiers, each 

classifier was trained seven times, with each iteration focusing on distinguishing one type of 

cancer from other types combined. The models’ parameters were optimized using the breast 

cancer dataset. This particular dataset was chosen due to the larger number of CTCs and 

CTMs samples available compared to other cancer types. Once the optimal configuration for 

each model was determined, it was applied to the remaining cancer types. 

The model Parameters Configuration 

 Random Forest n_estimators 600 

random_state 42 

Gradient Boosting 

n_estimators 1000 

max_depth 20 

min_samples_split 20 

learning_rate 0.09 

loss squared_error 

Decision Tree 

criterion gini 

max_depth none 

min_samples_split 2 

min_samples_leaf 1 
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Feed forward 

Neural Network 

 

Dense 

Layers 

1st 

neurons 256 

function ReLU 

2nd 

neurons 128 

function ReLU 

Output 

Layer 

neurons 1 

function sigmoid 

compilation 

optimizer adam 

loss binary_crossentropy 

Table 02: The models’ configuration. 

1- Splitting the data:  

The last step before models' training is the division of data into training and testing 

sets. For the machine learning classifiers, the data was split into 80% for training and 20% for 

testing. 

 

For the deep learning model, the data was divided into 70% for training, 15% for 

testing, and another 15% for validation. 
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2- The results: 

2-1- Random forest classifier:  

The tables and matrices below show the results obtained after using the Random Forest 

model for each cancer type: 

 Liver cancer (LIHC): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.994 0.994 0.994 0.994 

Table 03: Training results of the Random Forest model for predicting liver cancer. 

 

Figure 42: Random Forest confusion matrix (liver cancer). 

True Negative (TN): 4284 (correctly predicted). 

False Positive (FP): 37 (incorrectly predicted). 

False Negative (FN): 8 (cases missed by the model). 

True Positive (TP): 3419 (correctly predicted cases). 
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 Breast cancer (BRCA): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.933 0.934 0.933 0.933 

Table 04: Training results of the Random Forest model for predicting breast cancer. 

 

Figure 43: Random Forest confusion matrix (breast cancer). 

True Negative (TN): 5517 (correctly predicted cases). 

False Positive (FP): 411 (incorrectly predicted cases). 

False Negative (FN): 275 (cases missed by the model). 

True Positive (TP): 4064 (correctly predicted cases). 

 Colorectal cancer (COAD): 

 Accuracy Precission Recall F1 score 

Model Effectiveness 0.977 0.977 0.977 0.977 

Table 05: Training results of the Random Forest model for predicting colorectal cancer. 
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Figure 44: Random Forest confusion matrix (colorectal cancer). 

True Negative (TN): 4191 (correctly predicted cases). 

False Positive (FP): 80 (incorrectly predicted cases). 

False Negative (FN): 156 (cases missed by the model). 

True Positive (TP): 5840 (correctly predicted cases). 

 Non-small cell lung cancer (LUSC): 

 Accuracy Precission Recall F1 score 

Model Effectiveness 0.942 0.946 0.942 0.942 

Table 06: Training results of the Random Forest model for predicting Non-small cell lung 

cancer. 
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Figure 45: Random Forest confusion matrix (predicting Non-small cell lung cancer). 

 

True Negatives (TN): 7090 (correctly predicted cases). 

False Positives (FP): 63 (misclassified case). 

False Negatives (FN): 713 (missed cases). 

True Positives (TP): 5505 (correctly predicted cases). 

 

 Pancreatic cancer (PAAD): 

 Accuracy Precission Recall F1 score 

Model Effectiveness 0.925 0.927 0.925 0.925 

Table 07: Training results of the Random Forest model for predicting pancreatic cancer. 
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Figure 46: Random Forest confusion matrix (pancreatic cancer). 

 

True Negatives (TN): 6879 (correctly predicted non-cancer cases) 

False Positives (FP): 876 (non-cancer cases misclassified as cancer) 

False Negatives (FN): 362 (missed cancer cases) 

True Positives (TP): 8468 (correctly predicted cancer cases) 

 

 Prostate cancer (PRAD): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.944 0.948 0.944 0.944 

Table 08: Training results of the Random Forest model for predicting prostate cancer. 

 



Chapter III                                                                       The experimental part 

 

 

75 

 

Figure 47: Random Forest confusion matrix (prostate cancer). 

 

True Negatives (TN): 5579 (correctly predicted cases). 

False Positives (FP): 668 (misclassified cases). 

False Negatives (FN): 77 (missed cases). 

True Positives (TP): 7047 (correctly predicted cases). 

 

 Melanoma (SKCM): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.926 0.927 0.926 0.926 

Table 09: Training results of the Random Forest model for predicting melanoma. 
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Figure 48: Random Forest confusion matrix (melanoma). 

 

True Negatives (TN): 6666 (correctly predicted cases) 

False Positives (FP): 376 (misclassified cases) 

False Negatives (FN): 728 (missed cases) 

True Positives (TP): 7090 (correctly predicted cases) 

 

2-2- Gradient Boosting Classifier: 

The tables and matrices below show the results obtained after using the Gradient 

Boosting Classifiermodel for each cancer type:  

 Liver cancer (LIHC): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.995 0.995 0.995 0.995 

Table 10: Training results of the gradient boosting model for predicting liver cancer. 
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Figure 49: gradient boosting confusion matrix (liver cancer). 

True Negative (TN): 4297 (correctly predicted cases). 

False Positive (FP): 24 (incorrectly predicted cases). 

False Negative (FN):13 (cases missed by the model). 

True Positive (TP): 3414 (correctly predicted cases). 

 Breast cancer (BRCA): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.934 0.935 0.934 0.934 

Table 11: Training results of the gradient boosting model for predicting breast cancer. 
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Figure 50: gradient boosting confusion matrix (breast cancer). 

True Negative (TN): 5529 (correctly predicted cases). 

False Positive (FP): 399 (incorrectly predicted cases). 

False Negative (FN): 278 (cases missed by the model). 

True Positive (TP): 4061 (correctly predicted cases). 

 Colorectal cancer (COAD): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.978 0.978 0.978 0.978 

Table 12: Training results of the gradient boosting model for predicting colorectal cancer. 
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Figure 51: gradient boosting confusion matrix (colorectal cancer). 

True Negative (TN): 4193 (correctly predicted cases). 

False Positive (FP): 78 (incorrectly predicted cases). 

False Negative (FN): 153 (cases missed by the model). 

True Positive (TP): 5843 (correctly predicted cases). 

 Non-small cell lung cancer (LUSC): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.939 0.942 0.939 0.939 

Table 13: Training results of the gradient boosting model for predicting Non-small cell lung 

cancer. 
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Figure 52: gradient boosting confusion matrix (Non-small cell lung cancer). 

 

True Negatives (TN): 7042 (correctly predicted cases). 

False Positives (FP): 111 (cases misclassified as cancer). 

False Negatives (FN): 707 (missed cases). 

True Positives (TP): 5511 (correctly predicted cases). 

 

 Pancreatic cancer (PAAD): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.943 0.927 0.943 0.943 

Table 14: Training results of the gradient boosting model for predicting pancreatic cancer. 
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Figure 53: gradient boosting confusion matrix (pancreatic cancer). 

 

True Negatives (TN): 7109 (correctly predicted cases). 

False Positives (FP): 646 (cases misclassified as cancer). 

False Negatives (FN): 307 (missed cases). 

True Positives (TP): 8523 (correctly predicted cases). 

 

 Prostate cancer (PRAD): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.943 0.946 0.943 0.943 

Table 15: Training results of the gradient boosting model for predicting prostate cancer. 
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Figure 54: gradient boosting confusion matrix (prostate cancer). 

 

True Negatives (TN): 5599 (correctly predicted cases). 

False Positives (FP): 648 (misclassified cases). 

False Negatives (FN): 115 (missed cases). 

True Positives (TP): 7009 (correctly predicted cases). 

 

 Melanoma (SKCM): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.946 0.947 0.946 0.946 

Table 16: Training results of the gradient boosting model for predicting melanoma. 
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Figure 55: gradient boosting confusion matrix (melanoma). 

 

True Negatives (TN): 6737 (correctly predicted cases). 

False Positives (FP): 305(misclassified cases). 

False Negatives (FN): 493 (missed cases). 

True Positives (TP): 7325 (correctly predicted cases). 

 

2-3- Decision Tree classifier:   

The tables and matrices below show the results obtained after using the Decision Tree 

model for each cancer type:  

 Liver cancer (LIHC): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.989 0.989 0.989 0.989 

Table 17: Training results of the Decision Tree model for predicting liver cancer. 
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Figure 56: Decision Tree confusion matrix (liver cancer). 

True Negatives (TN): 4284 (correctly predicted cases). 

False Positives (FP): 37 (misclassified cases). 

False Negatives (FN): 49 (missed cases). 

True Positives (TP): 3378 (correctly predicted cases). 

 

 Breast cancer (BRCA): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.943 0.943 0.943 0.943 

Table 18: Training results of the Decision Tree model for predicting breast cancer. 
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Figure 57: Decision Tree confusion matrix (breast cancer). 

True Negative (TN): 5493 (correctly predicted cases). 

False Positive (FP): 435 (incorrectly predicted cases). 

False Negative (FN): 276 (cases missed by the model). 

True Positive (TP): 4063 (correctly predicted cases). 

 Colorectal cancer (COAD): 

 Accuracy Precission Recall F1 score 

Model Effectiveness 0.977 0.977 0.977 0.977 

Table 19: Training results of the Decision Tree model for predicting colorectal cancer. 

 



Chapter III                                                                       The experimental part 

 

 

86 

 

Figure 58: Decision Tree confusion matrix (colorectal cancer). 

True Negative (TN): 4190 (correctly predicted non-cancer cases). 

False Positive (FP): 81 (incorrectly predicted as cancer cases). 

False Negative (FN): 154 (actual cancer cases missed by the model). 

True Positive (TP): 5842 (correctly predicted cancer cases). 

 Non-small cell lung cancer (LUSC): 

 Accuracy Precission Recall F1 score 

Model Effectiveness 0.930 0.932 0.930 0.929 

Table 20: Training results of the Decision Tree model for predicting Non-small cell lung 

cancer. 
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Figure 59: Decision Tree confusion matrix (Non-small cell lung cancer). 

 

True Negatives (TN): 6936 (correctly predicted cases). 

False Positives (FP): 227 (misclassified cases). 

False Negatives (FN): 708 (missed cases). 

True Positives (TP): 5510 (correctly predicted cases). 

 

 Pancreatic cancer (PAAD): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.885 0.885 0.885 0.885 

Table 21: Training results of the Decision Tree model for predicting pancreatic cancer. 
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Figure 60: Decision Tree confusion matrix (pancreatic cancer). 

 

True Negatives (TN): 6870 (correctly predicted cases). 

False Positives (FP): 885 (misclassified cases). 

False Negatives (FN): 1012 (missed cases). 

True Positives (TP): 7818 (correctly predicted cases). 

 

 Prostate cancer (PRAD): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.932 0.934 0.932 0.932 

Table 22: Training results of the Decision Tree model for predicting prostate cancer. 
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Figure 61: Decision Tree confusion matrix (prostate cancer). 

 

True Negatives (TN): 5580 (correctly predicted cases). 

False Positives (FP): 667 (cases misclassified as cancer). 

False Negatives (FN): 237 (missed cases). 

True Positives (TP): 6887 (correctly predicted cases). 

 

 Melanoma (SKCM): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.892 0.892 0.892 0.892 

Table 23: Training results of the Decision Tree model for predicting melanoma. 
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Figure 62: Decision Tree confusion matrix (melanoma). 

 

True Negatives (TN): 6240 (correctly predicted cases). 

False Positives (FP): 802 (misclassified cases). 

False Negatives (FN): 791 (missed cases). 

True Positives (TP): 7027 (correctly predicted cases). 

 

2-4- Feed forward neural network: 

The tables and matrices below show the results obtained after using the feedforward 

neural network model for each cancer type:  

 Liver cancer (LIHC): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.975 0.980 0.963 0.972 

Table 24: Training results of the feed forward neural network model for predicting liver 

cancer. 
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Figure 63: feed forward neural network confusion matrix (liver cancer). 

True Negative (TN): 4187 (correctly predicted cases). 

False Positive (FP): 67 (incorrectly predicted cases). 

False Negative (FN): 128 (cases missed by the model). 

True Positive (TP): 3366 (correctly predicted cases). 

 Breast cancer (BRCA): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.865 0.801 0.900 0.847 

Table 25: Training results of the feed forward neural network model for predicting breast 

cancer. 
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Figure 64: feed forward neural network confusion matrix (breast cancer). 

True Negative (TN): 5053 (correctly predicted non-cancer cases). 

False Positive (FP): 953 (incorrectly predicted as cancer cases). 

False Negative (FN): 428 (actual cancer cases missed by the model). 

True Positive (TP): 3833 (correctly predicted cancer cases). 

 Colorectal cancer (COAD): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.920 0.966 0.893 0.928 

Table 26: Training results of the feed forward neural network model for predicting colorectal 

cancer. 
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Figure 65: feed forward neural network confusion matrix (colorectal cancer). 

True Negative (TN): 4149 (correctly predicted cases). 

False Positive (FP): 185 (incorrectly predicted cases). 

False Negative (FN): 363 (cases missed by the model). 

True Positive (TP):5297 (correctly predicted cases). 

 Non-small cell lung cancer (LUSC): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.827 0.810 0.820 0.815 

Table 27: Training results of the feed forward neural network model for predicting Non-small 

cell lung cancer. 
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Figure 66: feed forward neural network confusion matrix (Non-small cell lung cancer). 

 

True Negatives (TN): 5972(correctly predicted non-cancer cases). 

False Positives (FP): 1193 (non-cancer cases misclassified as cancer). 

False Negatives (FN): 1019 (missed cancer cases). 

True Positives (TP): 5087(correctly predicted cancer cases). 

 

 Pancreatic cancer (PAAD): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.893 0.895 0.905 0.900 

Table 28: Training results of the feed forward neural network model for predicting pancreatic 

cancer. 
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Figure 67: feed forward neural network confusion matrix (pancreatic cancer). 

 

True Negatives (TN): 6851 (correctly predicted non-cancer cases). 

False Positives (FP): 936(non-cancer cases misclassified as cancer). 

False Negatives (FN): 840 (missed cancer cases). 

True Positives (TP): 7958 (correctly predicted cancer cases). 

 

 Prostate cancer (PRAD): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.802 0.792 0.844 0.817 

Table 29: Training results of the feed forward neural network model for predicting prostate 

cancer. 
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Figure 68: feed forward neural network confusion matrix (prostate cancer). 

 

True Negatives (TN): 5931 (correctly predicted cases). 

False Positives (FP): 1561 (misclassified cases). 

False Negatives (FN): 1093 (missed cancer cases). 

True Positives (TP): 4786 (correctly predicted cancer cases). 

 

 Melanoma (SKCM): 

 Accuracy Precision Recall F1 score 

Model Effectiveness 0.874 0.885 0.869 0.877 

Table 30: Training results of the feed forward neural network model for predicting 

melanoma. 
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Figure 69: feed forward neural network confusion matrix (melanoma). 

 

True Negatives (TN): 6310 (correctly predicted cases). 

False Positives (FP): 864 (misclassified cases). 

False Negatives (FN): 1007 (missed cases). 

True Positives (TP): 6679 (correctly predicted cases). 

Results interpretation:  

Four binary classifiers were built to predict the presence of the seven types of cancer 

using gene expression data of circulating tumor cells (CTCs) and microemboli (CTMs). The 

classifiers used in this first experiment are Random Forest, Gradient Boosting Classifier, 

Decision Tree, and Feedforward Neural Network (FNN). 

The Random Forest model shows great performance across all cancer types, with 

particularly high accuracy for liver (99.4%) cancer and colorectal cancer (97.7%). but the 

model’s performance is slightly lower in the cases of melanoma (92.6%) and pancreatic 

cancer (92.5%). The confusion matrices reveal that the random forest classifier generally 

makes only a small number of false positives and false negatives. 

The Gradient Boosting Classifier shows excellent performance across all cancer types, 

with a high accuracy that ranges between 93.4% and 99.5%. In addition, this model’s 

confusion matrix reveals that it generally makes fewer false positives and false negatives, 

which is a good sign. 
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The Decision Tree classifier also performs well across all cancer types, with 

particularly high accuracy, precision, recall, and F1 scores for liver cancer and colorectal 

cancer. However, its confusion matrices reveal that the model generally makes more false 

positives and false negatives compared to the Random Forest and Gradient Boosting 

Classifiers, suggesting that this model has a lower performance than the first ones used. 

The Feed forward Neural Network (FNN) also shows a very good performance for 

liver cancer (97.5% accuracy) and colorectal cancer (accuracy of 92%); however, this 

performance gets lower for all the other cancer types, with an accuracy of (89.3%) for 

pancreatic cancer, (87.4%) for melanoma, (86.5%) for breast cancer, (82.7%) for non-small 

cell lung cancer, and only (80%) for prostate cancer. 

Experiment 2: Multiclass classification 

Part one: building the multiclass classifiers:  

In the second experiment, the selected models were used as multiclass classifiers to 

predict the presence of the seven cancer types. 

The model Parameters Configuration 

Random Forest 
n_estimators 100 

random_state 42 

Gradient 

Boosting 

n_estimators 100 

max_depth 3 

min_samples_split 2 

learning_rate 0.1 

loss log_loss 

Decision Tree 

criterion gini 

max_depth none 

min_samples_split 2 

min_samples_leaf 1 
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Feed forward 

Neural Network 

 

 

Dense Layers 

1st 

neurons 64 

function ReLU 

2nd 

neurons 32 

function ReLU 

Output Layer 

neurons 7 

function sigmoid 

compilation 

optimizer adam 

loss Categorical cross-entropy 

Table 31: The model’s configurations. 

1- Splitting the data:  

    For the machine learning classifiers, the data was split into 80% for training and 20% 

for testing. 

 

For the deep learning model, the data was divided into 80% for training, 10% for 

testing, and another 10% for validation. 

 

2- The results: 

2-1- Random Forest:  

The results below are obtained after using the Random Forest model:  
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 Precision Recall F1 score 

liver cancer 1.00 1.00 1.00 

colorectal cancer 1.00 1.00 1.00 

Non-small-cell-lung cancer 1.00 1.00 1.00 

Melanoma 1.00 1.00 1.00 

pancreatic cancer 1.00 1.00 1.00 

prostate cancer 1.00 1.00 1.00 

Breast cancer 1.00 1.00 1.00 

Table 32: Training results of the Random Forest model for predicting the seven cancer types. 

Model’s Accuracy: 100% 

 

Figure 70: Random Forest confusion matrix (multiclass classification). 

2-2- Gradient Boosting:  

The results below are obtained after using the Gradient Boosting model:  

 Precision Recall F1 score 

liver cancer 1.00 0.93 0.97 

colorectal cancer 1.00 1.00 1.00 

Non-small-cell-lung cancer 1.00 1.00 1.00 

Melanoma 1.00 1.00 1.00 
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pancreatic cancer 1.00 1.00 1.00 

prostate cancer 1.00 1.00 1.00 

Breast cancer 0.91 1.00 0.95 

Table 33: Training results of the Gradient Boosting model for predicting the seven cancer 

types. 

Model’s Accuracy: 99% 

 

Figure 71: gradient boosting confusion matrix (multiclass classification). 

2-3-  Decision Tree:  

The results below are obtained after using the Decision Tree model:  

 Precision Recall F1 score 

liver cancer 1.00 0.93 0.97 

colorectal cancer 1.00 0.87 0.93 

Non-small-cell-lung cancer 1.00 1.00 1.00 

Melanoma 1.00 1.00 1.00 

pancreatic cancer 0.94 1.00 0.97 

prostate cancer 1.00 1.00 1.00 

Breast cancer 0.83 1.00 0.91 

Table 34: Training results of the Decision Tree model for predicting the seven cancer types. 
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Model’s Accuracy: 97.2% 

 

Figure 72: Decision Tree confusion matrix (multiclass classification). 

2-4- Feed forward neural network: 

The results below are obtained after using the Feedforward Neural Network model:  

 Precision Recall F1 score 

liver cancer 1.00 0.50 0.67 

colorectal cancer 1.00 1.00 1.00 

Non-small-cell-lung cancer 1.00 1.00 1.00 

Melanoma 1.00 1.00 1.00 

pancreatic cancer 1.00 1.00 1.00 

prostate cancer 0.76 1.00 0.87 

Breast cancer 1.00 0.75 0.86 

Table 35: Training results of the Feed forward Neural Network model for predicting the 

seven cancer types. 
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Model’s Accuracy: 93% 

 

Figure 73: feed forward neural network confusion matrix (multiclass classification). 

Part two: Evaluating the performance of Random Forest on unseen data: 

In the first part of this experiment, Random Forest showed perfect results as a 

multiclass classifier. However, achieving such an accuracy of 100% on the training dataset 

can be both promising and concerning. It raises concerns about overfitting and the model’s 

performance on unseen data. To address this, I evaluated its performance using two 

independent cancer datasets: pancreatic cancer and breast cancer. The results are shown 

below. 

 Accuracy Precision Recall F1 score 

Model Effectiveness 1.00 1.00 1.00 1.00 

Table 36: Evaluation Results of the Random Forest Model for Predicting pancreatic and 

breast Cancer (Unseen Data). 
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Figure 74: Random Forest Model confusion matrix for Predicting pancreatic and breast 

Cancer (Unseen Data). 

Results interpretation:  

In this experiment, Random Forest, Gradient Boosting Classifier, Decision Tree, and 

Feed forward Neural Network (FNN) were used as multiclass classifiers. 

The Feed forward Neural Network (FNN) presents strong performance for several 

cancer types, achieving high precision, recall, and F1-scores for most classes. However, it 

exhibits some weaknesses, particularly in two classes (liver and breast cancer) where the 

recall drops to 0.50 and 0.75respectively. This results in a lower overall accuracy of 93%. The 

confusion matrix shows more misclassifications compared to the other models, indicating that 

while the FNN is competent, it is less consistent in its predictions and prone to more errors. 

The Decision Tree classifier shows a high level of performance with an accuracy of 

97%. It maintains high precision, recall, and F1-scores across most classes, though there are 

minor deviations. The confusion matrix reveals a few instances of misclassification, such as 

false positives and false negatives, suggesting that while the Decision Tree is effective, it is 

slightly less reliable than the Random Forest and Gradient Boosting Classifiers. 

The Gradient Boosting Classifier also performs exceptionally well, with an overall 

accuracy of 99%. It achieves precision, recall, and F1-scores of 1.00 for most cancer types, 

although there is a slight drop in recall for one class, which leads to a small number of false 
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negatives. This model's confusion matrix indicates very few misclassifications, demonstrating 

its strong performance in distinguishing between different cancer types. 

The Random Forest classifier demonstrates perfect performance across all cancer 

types, achieving an accuracy of 100%. This is reflected in its precision, recall, and F1-score, 

all of which are 1.00 for every class. The confusion matrix shows no misclassifications, 

indicating that the model has an excellent ability to correctly identify all instances of each 

cancer type without any false positives or false negatives.  

While the perfect results on the training dataset might raise concerns about overfitting, 

the model's performance was further evaluated using two independent cancer datasets for 

pancreatic and breast cancer. Remarkably, the Random Forest model maintained its 100% 

accuracy, precision, recall, and F1-score on these independent datasets as well, demonstrating 

robust generalization capabilities. This indicates that the model effectively learned relevant 

patterns from the training data and performs reliably on unseen data, alleviating initial 

concerns about overfitting. 

3- Future work: 

Future research in predicting the presence of cancer types using gene expression data 

of circulating tumor cells (CTCs) and microemboli (CTMs) could involve developing and 

training the Random Forest model to predict more cancer types. Also, deep learning models 

can be combined with gene expression profiling for further improved accuracy in 

classification. Moreover, the identification of molecular markers for different types of cancer 

using CTCs could yield very useful insights into early detection and individualized treatment 

strategies. Further, expression profiling of driver cancer genes and immunotherapeutic targets 

in CTCs and peripheral blood mononuclear cells could provide data on a patient's response to 

therapies in real time, especially immunotherapy, contributing to predicting tumor progression 

and patient outcomes and to selecting appropriate treatment. 
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Conclusion: 

In this chapter, I developed and evaluated machine learning models to predict seven 

cancer types (liver cancer, breast cancer, colorectal cancer, non-small cell lung cancer, 

pancreatic cancer, prostate cancer, and melanoma) using gene expression data from 

circulating tumor cells (CTCs) and microemboli (CTMs). I built four binary classifiers—

Random Forest, Gradient Boosting Classifier, Decision Tree, and Feedforward Neural 

Network (FNN)—and then adapted these models to function as multiclass classifiers. 

This work demonstrates the effectiveness of these machine learning models, 

particularly the Random Forest classifier, in predicting cancer types using gene expression 

data from CTCs and CTMs. 

For binary classification, the Random Forest model showed excellent performance, 

especially for liver (99.4%) and colorectal (97.7%) cancers, with slightly lower accuracy for 

melanoma (92.6%) and pancreatic cancer (92.5%). The Gradient Boosting Classifier also 

performed well, with accuracy ranging from 93.4% to 99.5%, and fewer misclassifications. 

The Decision Tree classifier was effective, particularly for liver and colorectal cancers, but 

had more false positives and negatives. The FNN performed well for liver (97.5%) and 

colorectal (92%) cancers but had lower accuracy for the other types, such as pancreatic cancer 

(89.3%) and prostate cancer (80%). 

In the multiclass classification, the Random Forest classifier achieved perfect 

performance with 100% accuracy, precision, recall, and F1-scores. While there were initial 

concerns about overfitting, the model maintained its performance on independent datasets for 

pancreatic and breast cancer, demonstrating robust generalization capabilities. The Gradient 

Boosting Classifier also had high accuracy (99%) with few misclassifications. The Decision 

Tree showed high precision, recall, and F1-scores with an accuracy of 97%, though it had 

minor misclassifications. The FNN achieved strong results for most cancer types but showed 

weaknesses in liver and breast cancers, resulting in a lower overall accuracy of 93%. 
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General conclusion: 

This thesis aimed to develop and evaluate machine learning models for predicting the 

presence of seven cancer types (liver cancer, breast cancer, colorectal cancer, non-small cell 

lung cancer, pancreatic cancer, prostate cancer, and melanoma) using gene expression data 

from circulating tumor cells (CTCs) and microemboli (CTMs). The primary goal was to 

compare the two approaches of binary and multiclass classification to determine the best 

approach for cancer prediction using this data and then to identify the most effective model 

for accurate cancer prediction that can be applied in real-world scenarios. 

Initially, binary classifiers were constructed using four different algorithms: Random 

Forest, Gradient Boosting Classifier, Decision Tree, and Feedforward Neural Network (FNN). 

These models were trained to distinguish one cancer type from all others combined. The 

performance evaluation revealed that the Random Forest and Gradient Boosting Classifiers 

provided the highest accuracy and the lowest misclassification rates. The Gradient Boosting 

model, in particular, demonstrated outstanding performance, with a high accuracy that ranges 

between 93.4% and 99.5%. 

Subsequently, the same classifiers were adapted for multiclass classification to predict 

all seven cancer types simultaneously. The Random Forest model again excelled, achieving 

perfect performance with 100% accuracy, precision, recall, and F1-scores. The Gradient 

Boosting Classifier also performed exceptionally well, with an overall accuracy of 99%. The 

Decision Tree and FNN showed good performance, but with higher rates of misclassification 

compared to the Random Forest and Gradient Boosting Classifiers. 

A critical concern of overfitting was addressed by testing the Random Forest model on 

independent datasets for pancreatic and breast cancer. Remarkably, the model maintained its 

perfect performance, indicating robust generalization capabilities and reinforcing its 

suitability for practical applications. 

Overall, this research highlights the significant potential of machine learning models 

in cancer prediction using gene expression data from CTCs and CTMs. Among the models 

evaluated, the Random Forest multi-classifier emerged as the most reliable and effective, 

making it highly recommended for practical use in cancer diagnosis. 
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